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Abstract

Flexible generalization depends on internal representations that capture the latent structure of
the environment and can be dynamically updated as that structure changes. This thesis investi-
gates the role of neural replay, the offline reactivation of sequential neural patterns, in building,
refining, and leveraging such representations across wakefulness and sleep.

The first empirical project combined functional magnetic resonance imaging (fMRI) with
computational modelling to study how replay supports structure learning and generalization.
Fifty-two participants performed a sequential decision task in which multiple options shared
hidden reward sources. A latent cause inference model captured participants’ discovery of this
structure and outperformed standard reinforcement learning models. Backward replay in visual
cortex selectively targeted unobserved sequences sharing the inferred latent reward structure,
increased as participants discovered that structure, and tracked trial-by-trial non-local value
updating from the computational model. When the latent structure changed on a second day,
replay reorganised accordingly, including a directional shift for newly generalizable paths.

The second empirical project examined how sleep transforms the neural basis of sequential
memory retrieval. Participants learned hierarchically organized sequences and were tested be-
fore and after overnight sleep. Sequential reactivation during retrieval shifted in regional profile
across consolidation: visual cortex dominated before sleep, whereas parietal cortex emerged as
the primary locus after sleep, with replay strength predicting retrieval accuracy. This reorgani-
sation is consistent with the systems consolidation hypothesis that sleep drives the redistribution
of memory representations toward cortical networks.

A methodological book chapter situated these findings within the broader landscape of tools
for measuring neural plasticity in humans. Together, the three projects converge on a view
of replay as an active computational mechanism sampling from an internal generative model
supporting multiple functions including rapid value propagation over inferred structure during
wakefulness, and driving cortical integration of memory representations during sleep.
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Part I

Overview
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“Behaviour must be flexible as a function of the environment. If a system cannot

make itself respond in whatever way is needed, it hardly can be mind-like. [...] We

must be able to learn from the environment, not occasionally but continuously, and

not about a few specifics but everything and every way under the sun.”

— Allen Newell, Unified Theories of Cognition (1990), p. 19

Introduction

Adaptive behavior is a defining hallmark of intelligent agents. To navigate a complex, ever-
changing world, agents must be capable of flexible adaptation, continuously learning from
experience and utilizing that knowledge to guide future behavior [Botvinick and Toussaint,
2012]. Yet accumulating experience is not enough. As Roger Shepard famously argued, "the
first law of psychology should be one of generalization": the capacity to extend past experience
to entirely novel situations is essential for coping with circumstances never before encountered
[Shepard, 1987]. Intelligent agents therefore depend not only on the accumulation of knowl-
edge, but on the ability to generalize it in principled ways, enabling adaptive behavior even
when the present differs from the past.

Generalization of this kind requires more than storing additional information. To act appro-
priately in new situations, an agent must infer latent structure, that is, the hidden regularities,
causal relationships, and abstract principles underlying observed events, and use this struc-
ture to abstract away from situation-specific details toward aspects that transfer across contexts
[Radulescu et al., 2021, Gershman and Niv, 2010, Niv, 2019]. As evidence accumulates, in-
ternal models of the world are reshaped so that previously separate experiences can be reinter-
preted as instances of a shared underlying structure [Tse et al., 2007, Gershman et al., 2010]. It
is this capacity to revise, reorganize, and enrich internal models that allows past experience to
inform future behavior in flexible and systematic ways.

This thesis asks how neural replay, the offline reactivation of sequential neural activity pat-
terns [Wittkuhn et al., 2021], contributes to the learning and leveraging of such structured rep-
resentations. Each project approaches this question from a different angle, together spanning
the arc from the online leveraging of learned structure during wakefulness to offline represen-
tational refinement during sleep, and from computational theory to neural measurement.

This thesis is organized into four parts, each structured into chapters. Part I, the present
part, contains an introductory chapter and the current overview, which foreshadows the main
points of the subsequent thesis. The remaining three parts develop the theoretical foundations,
present the empirical and methodological contributions, and offer a synthesis.

Part II: Theoretical Foundations

Part II provides the theoretical and methodological background for the three contributions of
this thesis. Each introductory chapter is paired with a specific contribution in Part III, develop-
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ing the concepts and prior work needed to motivate the empirical questions addressed there.
Chapters 1 and 2 together introduce the first empirical project, which investigates how re-

play during wakefulness supports the learning of latent task structure and its use for general-
ization, value updating, and flexible decision-making. Chapter 1 develops the computational
dimension: it reviews reinforcement learning as a framework for value-based decision-making,
examines the problem of learning internal task representations, introduces cognitive maps as
structured relational models, and develops latent cause inference as a formal account of how
agents discover hidden task structure and use it for non-local value propagation. Chapter 2
turns to the neural dimension: it defines replay and distinguishes it from broader notions of
reactivation, reviews the major empirical findings on replay in animals and humans, surveys
methods for detecting replay in human neuroimaging data, and connects these findings to the
computational theories introduced in Chapter 1 to motivate the specific hypotheses tested in the
accompanying empirical paper.

Chapter 3 introduces the second empirical project, which shifts from online structure learn-
ing to offline representational refinement. It reviews the systems consolidation hypothesis, the
evidence for replay as its mechanistic implementation during sleep, and the emerging under-
standing of how consolidation transforms the content and anatomical locus of memory repre-
sentations.

Chapter 4 provides a broader methodological perspective by surveying modern tools for in-
vestigating neural plasticity in humans. It covers structural and functional neuroimaging tech-
niques, noninvasive brain stimulation, and the study designs needed to draw valid inferences
about experience-dependent change. This chapter situates the methods deployed across the
thesis within the wider landscape of tools available for measuring neural change in the human
brain.

Part III: Empirical Contributions

Part III presents the three contributions of the thesis.
The first contribution is an empirical paper combining fMRI with computational modelling

to study how replay supports value generalization during wakefulness. Fifty-two participants
performed a sequential decision task in which multiple options shared hidden reward sources.
A latent cause inference model captured participants’ discovery of this structure and outper-
formed standard reinforcement learning models. Backward replay in visual cortex selectively
targeted unobserved sequences sharing the inferred latent reward structure, increased as par-
ticipants discovered that structure, and tracked trial-by-trial non-local value updating from the
computational model. When the latent structure changed on a second day, replay reorganised
accordingly.

The second contribution examines how sleep transforms the neural basis of sequential mem-
ory retrieval. Participants learned hierarchically organised sequences and were tested before

3



and after overnight sleep. Sequential reactivation during retrieval shifted in regional profile
across consolidation: visual cortex dominated before sleep, whereas parietal cortex emerged as
the primary locus after sleep, with replay strength predicting retrieval accuracy. This reorgani-
sation is consistent with the systems consolidation hypothesis.

The third contribution is a methodological book chapter that surveys neuroscience methods
for investigating brain plasticity, published in The Oxford Handbook of Cognitive Enhance-

ment and Brain Plasticity. It reviews structural and functional neuroimaging techniques and
discusses the design considerations needed to measure experience-dependent neural change,
providing the methodological context for the preceding empirical work.

Part IV: Synthesis

The General Discussion integrates the findings across projects, organized around two threads.
The first concerns function: what the results reveal about the computational roles of replay
across brain states, and how they relate to competing accounts of replay as serving value updat-
ing, planning, consolidation, or structure learning. The second concerns method: the assump-
tions, strengths, and failure modes of fMRI-based replay detection, drawing on simulation work
that characterizes the properties of the sequential slope ordering analysis used throughout the
thesis. A central finding that emerges across the two empirical projects is that replay’s function
shifts with brain state: during wakefulness it supports rapid value propagation across inferred
latent structure, while across sleep it is associated with the cortical redistribution of sequen-
tial memory representations. The common thread is replay as a model-based sampling process
through which the brain builds, refines, and leverages structure for flexible, adaptive behavior.
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Chapter 1

Representation Learning and Latent
Structure in Value-Based Decision-Making

The overview established that flexible, generalizable behavior depends on the brain’s capacity
to learn and reorganize internal representations, and that neural replay is hypothesized to take
a central role in the process of forming and leveraging such representations. This chapter de-
velops the computational foundations needed to understand that claim. It examines how agents
discover the structure of their environment, how that structure is represented and used to support
generalization and value-based decision-making, and how offline mechanisms such as replay
can propagate information across an inferred representational space. The neural instantiation
of these processes is then taken up in the following chapter.

1.1 Reinforcement Learning as a Framework for Learning-
Related Plasticity

Humans learn from a wide variety of experiences: from rewards and punishments, but also
from observation, instruction, statistical regularities, episodic memories, and explicit reasoning
[Anderson, 2000]. No single framework fully captures this diversity of learning processes.
Nevertheless, reinforcement learning (RL) has emerged as a particularly influential framework
for understanding how behaviour is shaped by the consequences of actions, and it accounts
for an important subset of learning phenomena in both humans and other animals [Sutton and
Barto, 2018].

In its classical formulation, RL describes how behaviour can be adapted through trial and
error by tracking the outcomes of actions in terms of rewards and punishments. The key idea is
that agents learn to assign values to states and actions, reflecting their expected future reward,
and adjust behaviour so as to maximise this expected return over time. RL models thus provide
a normative account of how feedback can drive gradual improvement in performance. This nor-
mative status rests on formal optimality guarantees: the Bellman optimality equation defines
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the value of each state-action pair recursively, as the immediate reward plus the discounted
value of the best action available in the resulting state, thereby characterising the optimal value
function as a fixed point of this recursion. Algorithms such as Q-learning exploit this structure
by iteratively updating value estimates from sampled experience, and are proven to converge to
this optimal value function under standard assumptions, establishing a principled benchmark
against which actual behaviour can be evaluated [Watkins and Dayan, 1992, Sutton and Barto,
2018]. The idea that learning is driven by discrepancies between expected and actual outcomes
has deep roots. In their influential model of classical conditioning, Rescorla [1972] proposed
that an animal learns to associate a cue with an outcome only to the extent that the outcome is
surprising: if the outcome is already well predicted, little further learning occurs. This simple
principle, that learning is proportional to prediction error, provided one of the earliest formal-
isations of error-driven learning and remains foundational to modern RL. In RL, the concept
is generalised as the reward prediction error: the difference between received and expected
outcomes, signalling whether events turned out better or worse than anticipated. These pre-
diction errors drive incremental updates of value estimates, ensuring that future expectations
better match experienced outcomes. Temporal-difference learning offers a particularly influ-
ential class of such algorithms, in which prediction errors are computed at each time step and
used to update values based on local information about successive states and rewards [Sutton
and Barto, 2018].

A major reason why RL has become so prominent in neuroscience is that these compu-
tational notions map onto identifiable neural signals. A landmark demonstration comes from
recordings of midbrain dopamine neurons in monkeys performing a conditioning task [Schultz
et al., 1997]. Early in learning, when a monkey receives an unexpected juice reward, dopamine
neurons fire a sharp burst at the moment of reward delivery. As the animal learns that a visual
cue reliably predicts the reward, this burst shifts: dopamine neurons now fire at the onset of the
predictive cue rather than at reward delivery, consistent with the prediction error having moved
to the earliest unpredicted event. Critically, if the expected reward is then omitted, dopamine
activity dips below baseline at the time the reward would have occurred, a negative prediction
error. This pattern, excitation for positive surprises, suppression for negative ones, and silence
when expectations are met, closely matches the formal properties of a temporal-difference re-
ward prediction error [Schultz, 1998, Montague et al., 1996]. Relatedly, activity in striatal and
prefrontal regions often scales with model-derived prediction errors and value signals during
human and animal learning tasks [e.g., O’Doherty et al., 2004, Daw et al., 2011, Hare et al.,
2009]. These findings have motivated the view that RL-like mechanisms, implemented via
dopamine-modulated synaptic plasticity in corticostriatal circuits, contribute substantially to
learning from reward and punishment.

In this way, RL offers a powerful language for linking behaviour and neural signals: changes
in synaptic strength are driven by error signals, which update value estimates and in turn shape
future choices. Importantly, however, RL is best understood as a broad framework for the prob-
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lem of learning from interaction. The framework defines the problem, a set of core concepts
(states, actions, rewards, and values), and a family of algorithms for solving it, but it does not
claim to encompass all of cognition. Phenomena such as learning from instruction, attentional
selection, or relational reasoning do not contradict RL, but complement and extend it [Dayan
and Niv, 2008, Gershman and Daw, 2017]. Some of these, including attention and memory,
have since been incorporated into more recent RL architectures [Mnih et al., 2014, Graves et al.,
2016], illustrating the framework’s extensibility. RL is therefore best viewed as one compo-
nent in a broader mosaic of learning systems, particularly well-suited to capturing incremental,
feedback-driven adaptation.

Moreover, in its classical, “model-free” form, RL primarily specifies how values are up-
dated given a set of states and actions, rather than how those states and their relationships
are represented in the first place. The structure of the environment is typically assumed to be
given, and prediction errors are used to adjust values within this fixed representational space
[Niv, 2019]. This is a consequential limitation. As the remainder of this chapter argues, the
choice of state representation fundamentally shapes what can be learned and how flexibly be-
haviour can adapt when contingencies change. The following sections therefore shift the focus
from value updating alone to the problem of discovering and representing the latent structure
of the environment.

1.2 Formalising Value Learning in Markov Decision Processes

In its standard formulation, reinforcement learning formalises decision-making as a Markov
decision process (MDP) comprising a set of states S, actions A, a transition function P (s′ | s, a)
specifying how actions change the state of the environment, a reward function r(s, a), and
a discount factor γ that determines the relative weighting of immediate and future rewards
[Sutton and Barto, 2018]. A policy π(a | s) defines how likely an agent is to choose each
action in a given state. The central quantity of interest is the value function, which assigns
to each state (or state–action pair) its expected long-term return under a particular policy. For
example, the state-value function V π(s) is defined as the expected discounted sum of future
rewards when starting in state s and following policy π thereafter.

A key idea in many reinforcement learning algorithms is that these values can be learned in-
crementally from experience using prediction errors. The earlier introduced Temporal-difference
(TD) learning methods rely on comparing the predicted value of the current state to a bootstrap
estimate based on the next state [Sutton and Barto, 2018]. For a state-value function, the TD
error at time t is given by

δt = rt + γV (st+1)− V (st),

where δt is the TD prediction error at time step t, rt is the reward received after transitioning
out of state st, γ ∈ [0, 1] is a discount factor that determines how much future rewards are
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downweighted relative to immediate ones, V (st+1) is the current estimate of the value of the
next state st+1, and V (st) is the current estimate of the value of state st. The value estimate is
then updated according to

V (st)← V (st) + α δt,

where α ∈ (0, 1] is a learning rate controlling the step size of each update. The prediction error
δt quantifies how much better or worse the outcome was than expected, and the learning rule
adjusts value estimates so that future predictions more closely match experienced rewards.

Within this framework, an important distinction is often drawn between model-free and
model-based reinforcement learning [Dayan and Niv, 2008, Daw et al., 2011]. Model-free al-
gorithms, such as standard TD learning, directly learn cached values from experience without
representing the underlying transition structure P (s′ | s, a) of the world. They are computation-
ally simple and can explain habitual, well-practised behaviours, but they tend to adapt slowly
when contingencies change, because value estimates must be relearned incrementally [Dickin-
son and Balleine, 1994, Valentin et al., 2007]. Model-based algorithms, by contrast, learn or
maintain an explicit internal model of the environment’s dynamics and reward structure, and
use this model to plan ahead by simulating possible future trajectories [Daw et al., 2011]. This
allows flexible, goal-directed behaviour and rapid adaptation to changes in contingencies, but
at the cost of greater computational complexity and reliance on an accurate internal model.

Reinforcement learning has been fruitfully applied to a wide range of animal and human
learning tasks. In instrumental conditioning paradigms, model-free algorithms capture grad-
ual acquisition of action–outcome contingencies and habitual responding, while model-based
accounts explain phenomena such as sensitivity to outcome devaluation, revaluation, and con-
tingency degradation [e.g., Dayan and Niv, 2008, Keramati et al., 2011, Lee et al., 2014]. In
humans, model-derived value and prediction error signals have been shown to correlate with
activity in striatal, prefrontal, and midbrain regions, supporting the idea that TD-like mecha-
nisms are implemented in corticostriatal circuits and modulated by dopaminergic signals [e.g.,
O’Doherty et al., 2004, Daw et al., 2011, Niv et al., 2015].

Standard reinforcement learning models thus provide a well-grounded account of how val-
ues are updated from reward and punishment signals. However, their effectiveness depends
entirely on the state space over which learning operates, a point developed in the next subsec-
tion.

1.3 The State Representation Problem

Standard reinforcement learning models typically begin from the assumption that the relevant
state space has already been specified. That is, the agent is provided with a set of states that are
presumed to capture all decision-relevant aspects of the environment, and learning proceeds by
updating values [Niv, 2019]. In simple simulations the state space can be hand-engineered by
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the modeller, and a well-chosen representation is often sufficient for RL algorithms to perform
well. This convenience, however, sidesteps a fundamental question: where do the states come
from? The approach breaks down in complex, real-world environments where the relevant state
space is not obvious in advance, and choosing an appropriate representation becomes itself a
central part of the learning problem [Radulescu et al., 2021].

A fixed, pre-specified representation has several important consequences. First, if states
that are distinct in the representation nevertheless share a common underlying cause or reward
source, standard value learning will treat them as independent and fail to exploit this shared
structure. There is no mechanism for deciding that two nominally different states should share
the same value, or for generalising from one to the other [e.g., Liu et al., 2021b, Wimmer
et al., 2012]. Second, when the latent structure of the environment changes, for example,
when previously correlated options become independent, or when new contingencies emerge,
a rigid state space can lead to slow or inappropriate adaptation [e.g., Momennejad et al., 2017,
Courville et al., 2006]. Values tied to an outdated partitioning of states must be relearned
incrementally, even if a different grouping would permit much faster adjustment. Third, if the
representation fails to distinguish states that differ in important ways (for instance, by aliasing
together distinct contexts), learning can converge on compromised or unstable value estimates
that do not support flexible behaviour [Gershman et al., 2015].

What, then, makes a good representation? Two principles stand out. First, effective repre-
sentations should compress irrelevant variation: raw sensory inputs are high-dimensional and
contain many features inconsequential for future outcomes, and only those aspects that mat-
ter for prediction and control need to be retained [e.g., Gershman and Niv, 2015, Abel et al.,
2018, Botvinick et al., 2019]. Second, representations should group experiences by their conse-
quences: situations that share the same reward contingencies and optimal actions can be treated
as equivalent, enabling value updates in one to generalise immediately to the others, while sit-
uations requiring different actions or predicting different outcomes should be kept distinct [Li
et al., 2006, Niv, 2019, Liu et al., 2021b, Wimmer et al., 2012]. By exploiting discovered struc-
ture, such representations enable flexible behaviours such as one-shot generalisation: when an
agent realises that two options share a latent reward source, an observed change in the value
of one should immediately imply a corresponding change in the value of the other, without
requiring further direct experience [Liu et al., 2021b].

These considerations highlight that performance in structured environments depends not
only on how values are updated, but also on how states are represented. Recent work in compu-
tational and cognitive neuroscience has therefore emphasised the importance of learned task-
state representations and internal models that capture latent structure [e.g., Gershman et al.,
2010, Niv, 2019, Behrens et al., 2018, Schuck et al., 2016]. The central question for the remain-
der of this chapter is how such representations are acquired and refined: how agents discover
which situations belong together, how they reorganise these groupings when structure changes,
and what computational and neural mechanisms support this process.
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1.3.1 Learning Internal Task Representations

If an appropriate state space cannot be taken for granted, a key challenge is to understand how
agents construct internal task states that summarise the information needed for prediction and
control. Rather than treating each momentary sensory input as a distinct state, it is often useful
to posit latent states that capture the underlying situation an agent believes itself to be in: which
task is currently active, which rules apply, or which reward contingencies are in force. These
latent task states can be thought of as internal variables that integrate over observations and
history to provide a compact description of the decision-relevant aspects of the environment
[e.g., Gershman et al., 2010, Collins and Frank, 2013, Niv, 2019, Schuck et al., 2016].

Constructing such task states is closely related to state abstraction: the process of grouping
situations that are equivalent for prediction and action, while keeping distinct those that dif-
fer in their consequences [Sutton et al., 1999, Abel et al., 2018]. Computational models have
proposed that agents infer latent contexts or causes to explain observed patterns and to decide
when to reuse or create new task states [e.g., Gershman et al., 2010, Gershman and Niv, 2015,
Niv, 2019]. Empirical studies suggest that prefrontal and medial temporal regions encode ab-
stract task variables and context-specific state spaces that go beyond immediate sensory input
[e.g., Schuck et al., 2016, Wilson et al., 2014, Vaidya and Badre, 2022]. These internal rep-
resentations allow behaviour to generalise across conditions that share structure and to change
rapidly when inferences about the current context shift.

The problem of discovering useful state representations has a long history beyond cognitive
neuroscience. In classical RL, McCallum [1995] proposed the “utile distinctions” framework,
in which an agent learns to split or merge state representations based on whether a distinction
is useful for predicting future reward, offering an early computational account of how state
spaces can be constructed from interaction rather than specified in advance. More recently, deep
reinforcement learning has approached the problem from a different direction: by training large
neural networks end-to-end on raw sensory input, useful representations emerge implicitly as a
byproduct of optimising task performance [Botvinick et al., 2019]. The cognitive neuroscience
perspective developed in this chapter complements these approaches by asking how biological
agents solve the same problem, with particular attention to the representational formats and
neural mechanisms involved.

From this perspective, a core part of the learning problem is to decide which experiences
belong together and should be assigned to the same task state, and which should be kept sep-
arate. This assignment cannot be fixed a priori, but must itself be learned from experience,
based on regularities in observations and outcomes [Gershman and Niv, 2010]. The follow-
ing sections develop two complementary accounts of how such structured representations are
constructed: cognitive maps, which describe the form such representations can take, and latent
cause inference, which addresses how they are acquired.
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1.4 Cognitive Maps as Structured Representations

1.4.1 From Scalar Values to Relational Maps

Standard value functions assign each state a summary of its expected reward consequences, but
they do not represent how states relate to one another: which states are reachable from which,
which share a common cause, or how the environment is organised more broadly. The notion
of a cognitive map, introduced by Tolman [1948] in the context of spatial navigation, offers
a richer representational format that captures precisely this relational structure. In a classic
demonstration, Tolman [1948] showed that rats allowed to explore a complex maze without
reward later took the shortest available path to a newly introduced goal, performing as well as
animals that had been rewarded throughout training. This latent learning result implied that the
animals had built an internal representation of the maze layout during unrewarded exploration,
a representation that could be flexibly deployed once a goal was introduced. The finding was
difficult to reconcile with stimulus–response accounts of learning, and motivated the idea that
agents construct map-like internal models of their environment that exist independently of any
particular reward contingency [O’Keefe and Nadel, 1978]. In modern computational terms,
cognitive maps can be viewed as relational or graph-like internal models in which states are
nodes and their relationships, such as transitions, distances, or shared latent causes, are en-
coded in the edges or geometry of the space [Behrens et al., 2018, Whittington et al., 2020,
Stachenfeld et al., 2017, Schapiro et al., 2013]. In the framework of model-based RL, this
structural knowledge is formalised as a transition matrix defining the probability of moving
from one state to another given a specific action. The transition matrix can thus be seen as
a computational instantiation of the cognitive map: it encodes the relational structure of the
environment independently of reward, providing the backbone on which value computations
operate.

The key distinction, then, is between reward information, what outcomes a state yields, and
structural information, how states connect to and relate to one another. Separating these two
kinds of knowledge has important functional consequences. Values can be learned and updated
on top of a relatively stable structural backbone, enabling computations, such as planning,
shortcut-finding, and flexible revaluation, that rely on understanding how different parts of
the environment fit together [Stachenfeld et al., 2017, Behrens et al., 2018, Doll et al., 2012].
Structured, map-like representations support flexible planning by allowing agents to simulate
multi-step trajectories and evaluate alternative routes [Pfeiffer and Foster, 2013, Doll et al.,
2012]; facilitate generalisation across related states [Garvert et al., 2023]; and provide a natural
substrate for integrating new information without relearning the entire value function. These
properties have motivated proposals that cognitive maps form a core ingredient of flexible,
model-based control in humans and other animals [Bellmund et al., 2018, Behrens et al., 2018,
Bellmund et al., 2019b, Constantinescu et al., 2016].
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1.4.2 Neural Substrates of Cognitive Maps

The idea that the brain constructs cognitive maps has its origins in spatial navigation. Place cells
in the hippocampus fire selectively when an animal occupies a particular location [O’Keefe and
Dostrovsky, 1971], while grid cells in medial entorhinal cortex exhibit periodic hexagonal fir-
ing patterns providing a metric representation of space [Hafting et al., 2005, Moser et al., 2008].
These are complemented by a wider family of spatially tuned cell types with presumed com-
plementary functions, including head direction cells that encode the animal’s facing direction
[Taube et al., 1990], border cells that fire near environmental boundaries [Moser et al., 2008],
and speed cells whose firing rate scales with running velocity [Kropff et al., 2015]. Together,
these findings established the hippocampal–entorhinal system as a canonical substrate for spa-
tial cognitive maps [Moser et al., 2017].

It is worth noting, however, that individual place cells represent locations within a map
rather than the map’s structure itself. A single place cell signals where the animal is, but does
not directly encode how that location connects to others. The relational structure of the map,
the topology and metric distances between locations, is better understood as an emergent prop-
erty of the population-level activity patterns across these diverse cell types, with grid cells in
particular proposed to provide a coordinate framework that captures distances and directions
between locations [Hafting et al., 2005, Moser et al., 2008]. More recent work has extended
this mapping role to abstract and task-related domains. Human fMRI studies show that hip-
pocampal and entorhinal activity patterns encode positions in spaces defined by non-spatial
features [Constantinescu et al., 2016, Garvert et al., 2023, 2017], and that OFC and medial
prefrontal regions represent task-state structure and relationships [Wilson et al., 2014, Schuck
et al., 2016, Wikenheiser and Schoenbaum, 2016]. The role of OFC is further supported by
animal work: recordings in rodent OFC reveal neurons that encode latent task states, includ-
ing hidden variables not directly observable in the current stimulus, and these representations
evolve as animals learn the structure of a task [Zhou et al., 2021, Zong et al., 2025]. Recent
work has argued that OFC and ventromedial prefrontal cortex maintain representational spaces
that encode both task-state structure and value, with the two kinds of information represented
in partially overlapping but dissociable formats [Moneta et al., 2024]. Representational similar-
ity analyses confirm that activity in hippocampal and prefrontal regions is organised according
to graph structure, transition probabilities, or learned relational structure, even when reward
is held constant [Stachenfeld et al., 2017, Behrens et al., 2018, Deuker et al., 2016, Bellmund
et al., 2019b], suggesting that these circuits encode structural knowledge about the environment
rather than reward value per se.

Taken together, these findings suggest that the brain may not maintain a single, unified
cognitive map but rather multiple, partially overlapping maps distributed across hippocampal,
entorhinal, and prefrontal regions, each capturing different aspects of environmental structure
[Behrens et al., 2018, Moneta et al., 2024]. By separating relational structure from value as-
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signment, these neural maps are hypothesised to support model-based computations in which
values are derived from an underlying structural model and can be updated efficiently when
contingencies change [Stachenfeld et al., 2017, Momennejad et al., 2017, Russek et al., 2017].

1.4.3 Cognitive Maps Beyond Physical Space

Hippocampal-prefrontal circuits appear capable of representing positions within spaces defined
by non-spatial features, stimulus dimensions, or latent task variables [Behrens et al., 2018]. Key
evidence for this view comes from animal as well as human work. In rodents, hippocampal neu-
rons have been found to encode elapsed time during a delay period in which the animal runs
in place, forming sequential “time cell” representations that tile the temporal interval much as
place cells tile spatial locations [MacDonald et al., 2011, Kraus et al., 2013]. More strikingly,
Aronov et al. [2017] showed that when rats performed a non-navigational task in which they
manipulated sound frequency to obtain reward, hippocampal and entorhinal neurons exhibited
tuning curves along the frequency dimension that closely resembled the spatial tuning of place
and grid cells, demonstrating that map-like coding generalises to entirely non-spatial dimen-
sions even in rodents.

In humans, fMRI studies have shown grid-like coding in entorhinal cortex for abstract stim-
ulus dimensions [Constantinescu et al., 2016, Doeller et al., 2010], and hippocampal activity
patterns that reflect positions along learned graphs or manifolds defined by stimulus relation-
ships [Garvert et al., 2017, 2023, Deuker et al., 2016, Bellmund et al., 2019b]. The same repre-
sentational principles extend to social cognition: Tavares et al. [2015] found that hippocampal
activity tracked participants’ positions within a two-dimensional social space defined by power
and affiliation, suggesting that the hippocampus maps social relationships using the same geo-
metric framework it applies to physical space.

Together, these converging lines of evidence from animal electrophysiology, human neu-
roimaging, and diverse task domains motivate a broader view of cognitive maps as internal
models defined over task states or latent dimensions rather than physical locations. States that
share similar consequences, transition structure, or latent causes are represented as nearby;
states with different roles are more distant [Stachenfeld et al., 2017, Behrens et al., 2018]. In
the task studied in this thesis, for example, sequences sharing a reward source occupy neigh-
bouring positions in a latent reward space, such that a value change for one should propagate to
structurally nearby sequences but not to independent ones. A prediction that depends entirely
on the agent having acquired an appropriate internal representation.

Crucially, such abstract maps must be learned from experience rather than assumed. The
next section addresses how this acquisition can occur through latent cause inference.
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1.5 Structure Learning as Latent Cause Inference

1.5.1 From Given Maps to Learned representations

The cognitive map framework offers a compelling account of how relational structure can be
represented in the brain, but leaves open the question of how such structure is acquired in the
first place. Many theoretical treatments sidestep this by assuming the map is given, specifying
topology or graph structure by design such that learning reduces to estimating values on a fixed
pre-learned or given structure [e.g., Liu et al., 2021b].

In natural settings, by contrast, the map itself is rarely given. Agents must infer which states
are connected, which options share outcomes or latent causes, and how different parts of the
environment are organised. From this perspective, structure learning refers to the process of
discovering the latent organisation of states and contingencies from experience [Gershman and
Niv, 2010]. This includes inferring which stimuli belong to the same context, which actions
lead to similar consequences, and which states can be grouped together because they share a
hidden reward source or rule [e.g., Gershman et al., 2010, 2015, Collins and Frank, 2013].

A simple example is context-dependent learning, in which the same stimulus–response pair
can have different outcomes in different contexts (such as environments, task phases, or latent
modes of a task). To perform well, an agent must infer when a change in context has occurred
and adjust its internal state accordingly [Gershman et al., 2010, Collins and Frank, 2013]. Be-
havioural phenomena such as rapid switching between different policies, renewal effects after
context changes, or sudden insight when a hidden structure is discovered suggest that humans
and animals infer latent task states that organise experience into distinct contexts [e.g., Wil-
son and Niv, 2012, Gallistel and Gibbon, 2000]. Similarly, in tasks with correlated options,
performance often shows abrupt improvements once participants recognise that certain options
share a common cause, indicating a restructuring of the internal representation rather than a
gradual, option-by-option relearning. The remainder of this section develops structure learning
more formally in terms of latent cause inference, in which agents are assumed to infer hidden
causes that generate their observations and to use these inferred causes as the building blocks
of internal cognitive maps.

1.5.2 Latent Cause Inference as a Framework

One influential way to formalise structure learning is in terms of latent cause inference (LCI).
LCI draws on a long tradition of Bayesian latent variable modelling in statistics and machine
learning. The core premise of latent variable models is that observed data are generated by
hidden (unobserved) variables, and that learning consists of recovering these hidden variables
from the pattern of observations [Bishop and Nasrabadi, 2006]. This is a general and powerful
framework: mixture models explain clusters in data by positing that each observation was
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generated by one of several hidden sources [Dempster et al., 1977]; hidden Markov models
posit that a sequence of observations is driven by transitions among unobserved states; and
topic models decompose documents into mixtures of latent themes [Blei et al., 2003]. In each
case, the structure of the data is explained by inferring which latent variable was responsible
for which observation.

LCI applies this logic to the problem of learning from experience. Here, the latent vari-
ables are interpreted as hidden “causes” or “contexts” that generate the patterns of observations
and outcomes an agent encounters [e.g., Gershman et al., 2010, 2015]. Each latent cause cor-
responds to a distinct configuration of contingencies or rules, for example, a particular task
context, reward structure, or environmental mode, and sequences of observations are explained
by mapping them to their underlying causes.

The core computational idea is to cluster observations into latent causes based on their sim-
ilarity and predictive success. Observations that tend to co-occur, share similar outcome statis-
tics, or are better predicted when grouped together are inferred to arise from the same hidden
cause [Gershman and Niv, 2010]. Conversely, when prediction errors become systematically
large, this signals that the current set of causes may be insufficient, prompting the creation of
a new cause to better account for the data [Gershman and Niv, 2015]. In this way, the agent
maintains a set of inferred causes and an assignment of past observations to these causes, which
jointly define an internal, structured representation of the task.

Bayesian formulations of LCI make these ideas precise by specifying a prior over possible
cause structures and updating this prior in light of new evidence. Nonparametric approaches,
such as those based on the Chinese Restaurant Process (CRP) or related Dirichlet process priors,
offer a particularly flexible class of models [Rasmussen, 1999, Sanborn et al., 2010, Griffiths
and Ghahramani, 2011]. In such models, the number of latent causes is not fixed in advance.
Instead, the prior favours reuse of existing causes that already explain many observations, while
still allowing new causes to be created when warranted by the data. The probability that a new
observation is assigned to an existing cause increases with how frequently that cause has been
used and how well it predicts the observation; the probability of assigning it to a new cause
depends on a concentration parameter that controls the model’s tendency to create new clusters
[Gershman et al., 2010].

Together, these properties allow LCI models to balance structural reuse against flexible
expansion of the internal model. In the context of value-based decision-making, the inferred
latent causes can be viewed as the building blocks of internal cognitive maps, determining
which states share value information and how changes in one part of the environment propagate
to others.
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1.6 Non-Local Value Updating Through Latent Cause Infer-
ence

1.6.1 Value Propagation via Shared Latent Causes

When observations corresponding to different nominal states are assigned to the same latent
cause, they come to share a common set of parameters governing their expected outcomes.
Rather than learning separate values for each state in isolation, the agent effectively learns about
the value of latent causes, and individual states derive their value from their cause membership
[e.g., Gershman et al., 2010, Gershman and Niv, 2015, Pettine et al., 2021, Mirea et al., 2024].
This organisation supports non-local value updating: when a new outcome is observed for
one state, the resulting prediction error updates beliefs about the underlying latent cause, and
because other states associated with that cause depend on the same latent parameters, their
inferred values change as well, even if they have not been directly experienced in the current
context [Liu et al., 2021b, Lehnert et al., 2020].

The ability to create, merge, or split latent causes also provides a route to flexible adapta-
tion when the underlying structure changes. If outcomes that were previously well explained
by a shared cause begin to diverge systematically, prediction errors will increase, raising the
posterior probability that a new cause should be introduced or that observations should be reas-
signed [Courville et al., 2006, Pisupati et al., 2023]. This leads to a restructuring of the internal
representation: states formerly grouped together may be separated into distinct causes, allow-
ing value estimates to diverge, while states that begin to share similar outcome statistics may
be merged [Collins and Frank, 2013]. Because the number and granularity of inferred causes
depend on factors such as prior expectations and sensitivity to prediction errors, latent cause
models naturally predict individual differences in generalisation. Learners who infer fewer,
broader causes will generalise more strongly, facilitating transfer but risking overgeneralisa-
tion; learners who infer narrower causes will show more cautious generalisation and may adapt
more readily when contingencies change, but may fail to exploit shared structure efficiently
[e.g., Gershman et al., 2010, Collins and Frank, 2013].

1.6.2 Predictive and Successor-Like Representations

Latent cause inference supports generalisation by clustering states that share hidden causes,
so that value updates to one state propagate to others via their common cause membership.
A distinct route to generalisation comes from predictive representations: internal codes that
embed each state according to the future states or features it predicts, rather than according to
inferred latent variables [e.g., Sutton et al., 1999, Gershman, 2018]. States that lead to similar
successors are thereby represented similarly, and value information can propagate across states
linked by shared predictive structure, even without any explicit inference over hidden causes.
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A prominent example is the successor representation (SR) [Dayan, 1993, Momennejad
et al., 2017, Russek et al., 2017, 2021], which encodes for each state the expected discounted
occupancy of all future states under a given policy. Importantly, the SR is typically learned
incrementally through temporal-difference updates, much like scalar value functions: at each
transition, the agent updates its estimate of which future states will be visited from the cur-
rent state, using a prediction error over state occupancies rather than over rewards [Gershman,
2018]. This makes the SR computationally analogous to model-free value learning, but operat-
ing over state predictions rather than reward predictions. The resulting factorisation separates
knowledge about the predictive structure of the environment from knowledge about current
reward assignments. When rewards change but transition structure remains stable, values can
be rapidly recomputed by combining the existing SR with the new reward function, without
relearning the map from scratch.

However, the SR’s utility for flexible replanning is constrained by its dependence on the
policy under which it was learned. Because it encodes expected future trajectories under a
specific policy, it supports accurate value computation only when the agent continues to act
in a similar way. When goals shift and the optimal policy changes accordingly, the stored SR
no longer correctly predicts which states will be visited, rendering it unreliable precisely when
flexible replanning is most needed [Russek et al., 2017, Piray and Daw, 2021]. The default

representation (DR) proposed by Piray and Daw [2021] addresses this limitation by anchoring
the predictive map to a fixed default policy: a stable set of baseline behavioural assumptions,
rather than to the currently optimal one. Because the DR does not track the agent’s evolving
choice policy, it remains a stable substrate for planning even as goals and reward contingencies
change. Deviations from the default are permitted and optimised over, but at a cost explicitly
traded off against expected reward.

These predictive approaches and latent cause inference thus offer complementary accounts
of how value information can propagate beyond directly experienced states. Both achieve gen-
eralisation by establishing learned associations across states that allow value updates to spread
beyond the directly observed option. They differ, however, in the nature of these associations.
In LCI, states become linked through their inferred membership in a shared latent cause, such
that a value change for one state updates the cause and thereby affects all other states assigned
to it. In the SR and DR, states become linked through incrementally learned predictions about
future state occupancies, such that value propagates along the predictive map connecting a state
to its expected successors. Both require that the agent maintain internal structure linking states
together, but they differ in how that structure is acquired and in the kinds of generalisation they
most naturally support.
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1.7 Empirical Project on Learning Latent Structure and Non-
Local Value Propagation

The preceding sections have developed a computational account of how agents discover the
latent structure of their environment through latent cause inference and use that structure to
propagate value information across states linked by shared causes or predictive associations.
A natural question is how such non-local value updates are implemented in concrete learning
systems. In reinforcement learning, Sutton [1991] proposed DYNA, an architecture in which
an agent not only learns from real interactions with the environment but also maintains an in-
ternal model of it and uses that model to generate simulated experiences. Between real steps,
the agent “replays” transitions sampled from its model and updates value estimates from these
imagined experiences, effectively learning offline without further environmental interaction
[Sutton and Barto, 2018]. Prioritised variants of this scheme sample transitions in proportion to
their expected utility, for example based on prediction error magnitude, directing offline com-
putation toward the parts of the state space where updating would be most beneficial [Mattar
and Daw, 2018]. In biological systems, hippocampal replay has been proposed as a candidate
neural mechanism for such model-based offline updating, a possibility developed in detail in
Chapter 2.

Prior work has proposed that structured internal representations supporting flexible gener-
alisation can be understood as cognitive maps [Tolman, 1948, Behrens et al., 2018], and that
their acquisition can be described in terms of latent cause inference [Collins and Frank, 2013,
Lloyd and Leslie, 2013, Gershman and Niv, 2015]. In this context, replay could serve as the
mechanism by which value information is propagated across states that share an inferred latent
cause, implementing non-local updating through offline reactivation of cause-relevant experi-
ences. However, existing studies have not directly linked latent cause inference to replay-based
mechanisms, leaving open whether replay shapes the acquisition of latent structure, exploits it
for non-local value updating, or both.

The study presented in Chapter 5 was designed to address this gap. In this study, 52 partic-
ipants performed a sequential bandit task with hidden reward correlations over two days. On
Day 1, participants encountered a novel environment in which three of four bandits shared a
latent reward source, while the fourth had an independent reward. Crucially, participants were
never instructed about this correlation structure and therefore had to infer it from experience.
Reward means drifted and reversed over time, requiring continual adaptation and providing
a test of whether participants could generalise value changes to unobserved but structurally
linked options. On Day 2, the latent reward structure was covertly altered mid-session, probing
how flexibly participants could reorganise their internal representations when the underlying
contingencies changed.

A central aim of the study was to test whether a latent cause inference model, grounded
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in the principles of structure learning outlined in the preceding sections, provides a better ac-
count of participants’ behaviour than classical temporal-difference models with and without
hard-coded generalisation. The task was designed such that successful performance required
discovering which bandits share a common reward source and using this inferred structure for
non-local credit assignment, precisely the computational problem that LCI models are built to
solve. In addition to these behavioural and computational questions, the study combined fMRI-
based measures of neural replay and representational change with the computational model,
providing a neural instantiation of the non-local updating mechanisms discussed above. These
replay-related aspects are introduced and discussed in detail in Chapter 2.
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Chapter 2

Neural Replay and Offline Updating

The previous chapter argued that flexible generalization in value-based decision-making de-
pends on internal representations that capture latent task structure and support non-local value
updating. The central question of the present chapter is how such offline, structure-based up-
dates might be implemented in the brain. A prominent candidate mechanism is neural replay:
the rapid, sequential reactivation of activity patterns corresponding to past or hypothetical states
during rest, quiet wakefulness, or sleep [Wittkuhn et al., 2021]. Replay has been proposed to
provide a neural substrate for reprocessing experience offline, enabling prediction errors to up-
date value information without direct environmental input [e.g., Foster, 2017, Liu et al., 2021b].

Replay was first observed in the rodent hippocampus. Seminal recordings showed that
place-cell ensembles active during spatial navigation were reactivated during subsequent sleep
in the same sequential order but at a highly compressed timescale [Wilson and McNaughton,
1994, Skaggs and McNaughton, 1996]. Subsequent work revealed that similar sequence reacti-
vation occurs during quiet wakefulness, frequently coupled to hippocampal sharp-wave ripple
(SWR) events, and can represent both recently experienced and more remote trajectories [e.g.,
Davidson et al., 2009, Foster, 2017, Ólafsdóttir et al., 2018, Gupta et al., 2010]. Crucially, dis-
rupting SWRs during post-learning sleep impairs subsequent memory performance, providing
causal evidence that ripple-associated replay contributes to memory consolidation [Girardeau
et al., 2009]. Over time, the concept of replay has broadened well beyond these original spatial
sequences to encompass non-spatial, task-related, and abstract state trajectories in both animals
and humans.

Replay-like phenomena have now been documented across species, brain regions, and rep-
resentational domains. In rodents, hippocampal replay is closely coordinated with activity
in medial prefrontal and sensory cortices, pointing to a systems-level mechanism for mem-
ory redistribution and decision-making [Jadhav et al., 2016, Ólafsdóttir et al., 2016, 2018].
Ji and Wilson [2007] demonstrated simultaneous replay in the hippocampus and visual cor-
tex during slow-wave sleep, with cortical sequences lagging hippocampal sequences by a
brief interval consistent with directed hippocampal-to-cortical information transfer. Disrupt-
ing hippocampal–prefrontal coordination during SWR events impairs spatial memory, further
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underscoring the functional importance of distributed replay [Jadhav et al., 2016]. In humans,
multivariate decoding of MEG and fMRI signals has revealed temporally structured reactiva-
tion of stimulus and task representations during rest, brief pauses, and reward processing, often
reflecting internal models or task rules rather than mere sensory order [e.g., Liu et al., 2019,
2021b, Schuck and Niv, 2019]. Together, these findings establish replay as a widespread phe-
nomenon operating across hippocampal–cortical networks in the service of learning, planning,
and memory.

This chapter pursues four aims. First, it clarifies what is meant by “replay” in the context of
this thesis, distinguishing it from the broader notion of reactivation, and outlines the methods
available for detecting replay in humans. Second, it reviews the major empirical findings on
replay in animals and humans, focusing on those most relevant to value-based learning and
the empirical work of this thesis. Third, it connects these findings to computational theories
of learning and consolidation, including offline reinforcement learning, and memory consoli-
dation that provide a normative framework for understanding when and what to replay [e.g.,
Sutton and Barto, 2018, Mattar and Daw, 2018, Wittkuhn et al., 2021, Kirkpatrick et al., 2017].
Finally, it uses this framework to motivate the specific hypotheses tested in the present exper-
iments: that replay operates over inferred latent reward structure, implements prioritised non-
local value updates, and tracks changes in internal representations as the underlying structure
of the environment changes.

2.1 What Is Replay? From Reactivation to Structured Se-
quences

2.1.1 Reactivation vs. Replay

Discussions of replay often begin from a broader notion of reactivation: the reinstatement of
neural activity patterns associated with previous experiences, regardless of whether this rein-
statement is temporally structured [Tingley and Peyrache, 2020, van Der Meer and Bendor,
2025]. Reactivation is typically quantified via pattern similarity or decoding approaches, in
which a neural pattern observed during rest, sleep, or a later task phase is compared to pat-
terns elicited during initial encoding; increased similarity is taken as evidence that the earlier
representation has been re-engaged [e.g., Skaggs and McNaughton, 1996, Chen and Wilson,
2023]. This definition is agnostic about temporal order: it focuses on what is being reinstated
and where in the brain this occurs.

The term replay, by contrast, is reserved for temporally structured reactivation, i.e., se-
quences of neural states whose ordering reflects or systematically transforms prior experience.
In classical rodent work, replay denotes coordinated place-cell firing sequences that recapitu-
late spatial trajectories at a compressed timescale during sleep or quiet wakefulness [Wilson
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and McNaughton, 1994, Skaggs and McNaughton, 1996, Foster, 2017]. More broadly, replay
can be defined as the sequential reactivation of a series of states with characteristic properties
such as temporal compression, directionality (forward or reverse), and intermittency [Ólafsdót-
tir et al., 2018, Chen and Wilson, 2023]. Replay, in this sense, is about how past states unfold
over time, not just which states are active.

Recent conceptual work has emphasised the importance of maintaining this distinction.
Chen and Wilson [2023] argue that phenomena labelled “replay” differ along several key di-
mensions, including the nature of the represented content (spatial vs. non-spatial), temporal
structure (continuous vs. fragmented, compressed vs. veridical time), and brain state (sleep
vs. awake), and that conflating them obscures both mechanistic understanding and cross-study
comparison. Similarly, Wittkuhn et al. [2021] highlight that reactivation without clear sequen-
tial organisation should not automatically be interpreted as replay, and that a careful distinction
between content (“what/where”) and dynamics (“how”: speed, direction, temporal warping) is
essential when comparing results across species and methods.

In this thesis, replay refers to phenomena showing statistically reliable temporally ordered
reactivation of task states (for instance, backward sequences following reward receipt).

2.1.2 Key Dimensions

Replay events vary along several dimensions that organise empirical findings and link them to
candidate computational roles [Foster, 2017, Ólafsdóttir et al., 2018, Chen and Wilson, 2023,
van Der Meer and Bendor, 2025]. Four dimensions are particularly relevant here.

Direction and locality

A first dimension concerns replay direction. Forward replay, in which sequences unfold in
the same order as during behaviour, has been interpreted as simulating prospective trajectories
or re-experiencing recent paths. Reverse replay, by contrast, runs backward from a goal lo-
cation toward preceding states and is especially prominent immediately after reward delivery,
consistent with backward value propagation for credit assignment [Foster, 2017]. The strength
of reverse replay is modulated by reward magnitude, pointing to a direct functional link with
value learning rather than a passive echo of recent experience [Foster, 2017]. Forward replay at
choice points and prior to trajectory initiation, in turn, is consistent with a prospective planning
function [Pfeiffer and Foster, 2013].

A related distinction concerns locality. Local replay begins near the animal’s current posi-
tion, whereas remote replay represents locations far from the current state, including unvisited
paths and putative shortcuts [e.g., Gupta et al., 2010, Karlsson and Frank, 2009]. Remote replay
during quiet wakefulness indicates the accesses to a broad internal model of the environment
rather than being spatially anchored to recent experience [Karlsson and Frank, 2009]. Together,
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these variations demonstrate that replay flexibly samples trajectories relevant for different com-
putational purposes, rather than merely recapitulating the most recent experience.

Temporal properties

A second dimension concerns the temporal relationship between replay and the original
experience. Classical hippocampal replay unfolds at a much faster timescale than behaviour,
with compression factors of approximately 5–20× relative to the original traversal [Skaggs and
McNaughton, 1996, Nádasdy et al., 1999, Lee and Wilson, 2002]. However, replay trajectories
can also exhibit variable speed, pauses, and discontinuous jumps rather than smooth linear com-
pressions [Gupta et al., 2010, Chen and Wilson, 2023]. Sequences sometimes stitch together
segments from different episodes or explore routes not previously experienced as a single con-
tinuous path. These properties indicate that replay can be a generative process, recombining
elements of experience to construct novel trajectories, rather than merely accelerating veridical
memories [Kurth-Nelson et al., 2023].

Content: what is replayed

A third dimension concerns the state space over which replay sequences are defined. Classi-
cal work focused on spatial trajectories encoded by hippocampal place cells. More recent stud-
ies have demonstrated replay of non-spatial and task-related states, including abstract positions
in graph-like environments, latent task states, stimulus categories, and task rules [e.g., Schuck
et al., 2016, Liu et al., 2019, Kurth-Nelson et al., 2023]. In humans, multivariate decoding
has revealed sequential reactivation of representations corresponding to task states, decision
options, or conceptual features, sometimes in orders that reflect internal cognitive structure
rather than overt sensory sequences [Liu et al., 2019, Schwartenbeck et al., 2023, Wittkuhn
et al., 2025]. This broader view aligns replay with the cognitive map framework [Behrens
et al., 2018], in which the relevant “space” can be spatial, conceptual, or defined by latent task
structure.

Brain state: when replay occurs

A fourth dimension concerns the global brain state during replay. Replay was initially
characterised during slow-wave sleep, where SWR-associated sequences have been linked to
systems consolidation and long-term memory [Foster, 2017, Ólafsdóttir et al., 2018]. Subse-
quent work identified robust replay during quiet wakefulness and brief pauses in behaviour,
often following reward delivery or at decision points [Foster, 2017, van Der Meer and Bendor,
2025, Liu et al., 2021b]. van Der Meer and Bendor [2025] characterise awake replay as the
brain being “off the clock but on the job”: although the animal is not actively navigating, re-
play performs targeted value backups and tags experiences for preferential consolidation during
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subsequent sleep, positioning awake replay as computationally distinct from sleep replay in its
emphasis on rapid, experience-proximal updating.

Growing evidence extends replay-like phenomena to internally oriented cognition in hu-
mans, including mind-wandering, rest, and brief task pauses, when external demands are min-
imal [Wittkuhn et al., 2021, Chen and Wilson, 2023, Wittkuhn et al., 2025]. Most recently,
replay has been observed during active task performance, where it may support ongoing de-
liberation by assembling candidate solutions during compositional inference [Schwartenbeck
et al., 2023], though this “on-task” replay remains less well established than its offline coun-
terpart. Different brain states may thus emphasise different functions: long-term consolidation
during sleep, shorter-term credit assignment or planning during awake rest, and real-time hy-
pothesis testing during ongoing cognition.

These dimensions (direction and locality, temporal properties, state space, and brain state)
provide a scaffold for thinking about replay as a heterogeneous family of processes rather than
a single mechanism. The following sections use them to organise empirical findings and to map
different aspects of replay onto candidate computational roles: systems consolidation, offline
credit assignment, planning, and structure learning.

2.1.3 Computational Functions of Replay

The phenomenological diversity of replay, spanning variation in direction, timing, content,
and brain state, suggests that it serves multiple computational functions rather than a single
role. Multiple functional roles have been proposed, each grounded in a different computational
framework and supported by partially overlapping empirical evidence.

Memory consolidation

On this view, replay during sleep gradually transfers information from the hippocampus to
the neocortex, stabilising memories and integrating them with pre-existing knowledge struc-
tures. This account aligns with the complementary learning systems (CLS) framework [Mc-
Clelland et al., 1995] and the active systems consolidation hypothesis [Born et al., 2006, Diekel-
mann and Born, 2010, Klinzing et al., 2019], in which SWR-associated replay provides the
vehicle for hippocampal-to-cortical dialogue during slow-wave sleep. Supporting evidence in-
cludes the temporal coupling of replay with sleep oscillations, memory impairment following
SWR disruption [Girardeau et al., 2009], and coordinated hippocampal–cortical replay during
sleep in which cortical sequences lag hippocampal sequences, consistent with directed informa-
tion transfer [Ji and Wilson, 2007]. Furthermore, the strength of post-learning replay predicts
subsequent memory performance: Dupret et al. [2010] showed that reactivation of place-cell
ensembles during post-learning rest predicted the stabilisation of newly formed spatial repre-
sentations on the following day, directly linking replay to behavioural outcomes. This consoli-
dation function is examined in detail in Chapter 3.
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Offline reinforcement learning and credit assignment

From this perspective, replay implements experience replay analogous to DYNA-style al-
gorithms [Sutton, 1991, Sutton and Barto, 2018], in which internally generated state transitions
update value estimates without further environmental interaction. Reverse replay from reward
locations is particularly consistent with this account: backward propagation of reward infor-
mation along experienced trajectories provides an efficient credit assignment mechanism, and
the strength of reverse sequences scales with reward magnitude [Foster, 2017]. Prioritised re-
play schemes further predict that replay content should be biased toward transitions with large
prediction errors or high expected learning utility [Mattar and Daw, 2018]. Human MEG data
provide direct support: Liu et al. [2021b] showed that backward replay following reward re-
ceipt preferentially represented non-local paths, that its strength scaled with a normative utility
measure combining need and gain, and that stronger replay predicted more efficient non-local
value learning at the trial-by-trial level.

Planning and prospective evaluation

Forward replay at decision points has been interpreted as mental simulation in which the
agent evaluates candidate trajectories before committing to an action [Pfeiffer and Foster,
2013]. Supporting this account, forward replay at choice points predicts the animal’s subse-
quent navigational decision. More broadly, model-based planning requires the ability to sim-
ulate multi-step trajectories through an internal model, and replay provides a candidate neural
mechanism for such simulation [Mattar and Daw, 2018, Kurth-Nelson et al., 2023]. Recent
work has extended this idea to compositional planning, in which replay assembles novel se-
quences from familiar elements to solve problems not directly experienced. Schwartenbeck
et al. [2023] demonstrated that during a compositional construction task, human MEG replay
sequences progressively converged on the correct configuration of building blocks, consistent
with a generative hypothesis-testing process that evaluates candidate solutions through sequen-
tial sampling.

Structure learning and map construction

On this view, replay does not merely exploit an existing cognitive map but actively con-
tributes to building and refining it. Evidence comes from observations that replay often repre-
sents trajectories the animal has not recently traversed, including remote locations and never-
experienced shortcuts [Gupta et al., 2010], and that replay can lag behind behavioural learning
rather than driving it [Gillespie et al., 2021]. Replay also shows a bias toward behaviourally
relevant locations such as reward sites, suggesting that it samples from a structured internal
model rather than passively echoing recent experience [Gupta et al., 2010]. These findings are
difficult to reconcile with a purely evaluative or credit-assignment account and instead suggest
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that replay stitches together separate experiences to form a coherent relational model [Ólafs-
dóttir et al., 2018, Kurth-Nelson et al., 2023]. Consistent with this idea, Wittkuhn et al. [2025]
recently demonstrated backward sequential replay in human visual cortex during brief task
pauses in a statistical learning paradigm without reward, with replay strength correlating with
behavioural indices of successor representation learning, directly linking on-task replay to the
acquisition of predictive cognitive maps. Recent theoretical work proposes that map-building
and planning functions may operate as complementary processes, with replay prioritising one
or the other depending on the agent’s current uncertainty about environmental structure versus
goals [Sagiv et al., 2025].

These four functions are not mutually exclusive. A single replay event may simultaneously
contribute to consolidation, credit assignment, and structural refinement, and different brain
states or task demands may shift the balance among them. The challenge for empirical work,
taken up in the subsequent sections and in the empirical chapters of this thesis, is to identify
experimental signatures that distinguish among these accounts.

2.2 Methods for Detecting Replay (in Humans)

2.2.1 Single-Unit and Population Decoding in Animals

The study of hippocampal replay originated in rodent electrophysiology, where simultaneous
recordings from large populations of place cells enabled direct observation of compressed se-
quential reactivation during sleep and quiet wakefulness [Wilson and McNaughton, 1994, Sk-
aggs and McNaughton, 1996, Lee and Wilson, 2002]. Following spatial navigation, the same
spatially tuned neurons reactivate in temporally compressed bursts (∼100ms), recapitulating
the sequential firing patterns observed during behaviour [Nádasdy et al., 1999, Davidson et al.,
2009]. Candidate replay events are typically identified within sharp-wave ripples (SWRs),
brief, high-frequency (150–250 Hz) oscillatory events in the hippocampal local field potential
associated with synchronous population bursts [Buzsáki, 2015]. Replay is then quantified us-
ing decoding methods that estimate the posterior probability of position given ensemble spiking
activity [Zhang et al., 1998] or weighted correlation between decoded position and time [Gros-
mark and Buzsáki, 2016]. Statistical significance is assessed against surrogate distributions
generated by shuffling cell identities or spike timing within events [Ólafsdóttir et al., 2016,
Tingley and Peyrache, 2020].

2.2.2 Multivariate Decoding and Sequence Detection in Humans

Investigating replay in the human brain poses fundamentally different methodological chal-
lenges. Non-invasive neuroimaging methods offer either high temporal resolution (MEG/EEG,
∼1ms) or high spatial resolution (fMRI, ∼2mm), but not both simultaneously. Moreover,
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these methods record aggregate signals from large neuronal populations rather than individual
spikes, precluding direct application of rodent replay analysis methods. In the case of fMRI,
the measured signal reflects changes in blood oxygenation, capturing neural activity only indi-
rectly through its metabolic consequences, with a temporal resolution on the order of seconds.
Over the past decade, however, innovative analytical frameworks combining multivariate pat-
tern analysis (MVPA) with sequence-sensitive statistical models have enabled the detection of
replay-like phenomena in human neuroimaging data [Liu et al., 2022, Schuck and Niv, 2019,
Wittkuhn and Schuck, 2021].

2.2.2.1 Classifier-based approaches

Current approaches to human replay detection share a common two-stage logic. First, multi-
variate pattern classifiers are trained on neuroimaging data acquired during task performance,
when the identity of the neural representation is established by the experimental context (e.g.,
which stimulus is being viewed or which task state is active). Second, the trained classifiers
are applied to data from periods of interest (rest, reward processing, or decision moments) to
decode the time course of task-related neural representations [Norman et al., 2006, Tambini and
Davachi, 2019]. This yields a time-by-state matrix of decoded reactivation probabilities, which
forms the basis for subsequent sequence analyses. The critical methodological question is how
to detect temporal regularities in these decoded time courses that reflect genuine sequential
replay rather than noise or confounds.

2.2.2.2 Temporally delayed linear modelling (TDLM)

Liu et al. [2021a] developed temporally delayed linear modelling (TDLM), a comprehensive
framework for detecting sequential structure in decoded neural representations. TDLM is par-
ticularly well suited for MEG and EEG data, where millisecond temporal resolution enables
the detection of fast replay events, and has become one of the primary methods for human
replay analysis. TDLM operates through a two-level general linear modelling (GLM) proce-
dure. At the first level, for each time lag, a multiple linear regression estimates an empirical
transition matrix, where each entry quantifies the degree to which the decoded representation
of one state at a given time point predicts the representation of another state shortly afterwards,
while controlling for all other states at that same time point. At the second level, this empirical
transition matrix is projected onto a hypothesised task-related transition matrix to yield a single
scalar measure of sequenceness. Repeating this procedure across a range of lags produces a
sequenceness-by-lag function whose peak reveals the characteristic speed of replay events [Liu
et al., 2019]. TDLM has been applied successfully to MEG data to reveal replay of both sen-
sory and abstract task representations [Liu et al., 2019, Wimmer et al., 2020], to link backward
replay to non-local reinforcement learning [Liu et al., 2021b].
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2.2.2.3 sequential slope ordering analysis for fMRI

A complementary approach has been developed for fMRI, which offers superior spatial res-
olution but acquires data at a much slower rate (typically one volume every 1–3 s). Schuck
and Niv [2019] demonstrated that despite these temporal constraints, sequential replay can be
detected in human hippocampal fMRI signals by exploiting the prolonged hemodynamic re-
sponse, which translates brief neural events into sustained BOLD signal changes.

In this approach, a multivariate classifier is trained to discriminate between distinct task
states using fMRI patterns during task performance, then applied to resting-state data to pro-
duce a sequence of decoded state labels at each TR. The key insight is that if compressed
replay events occur during rest, the sluggish BOLD response will “smear” the fast neural se-
quence across successive fMRI volumes, producing a characteristic ordering in decoded states
[Schuck and Niv, 2019, Wittkuhn and Schuck, 2021].

The decoded sequences are summarised as an empirical transition matrix tabulating the
frequency with which each pair of task states is decoded in consecutive volumes. This empirical
structure is then compared to expected sequential distances in the task’s state space. Schuck
and Niv [2019] found that hippocampal resting-state patterns decoded after task performance
exhibited significantly greater sequentiality than those decoded before the task, and that this
sequentiality specifically reflected the abstract task-state structure rather than simpler sensory
or attentional sequences.

This fMRI-based approach was further developed by Wittkuhn and Schuck [2021], who
demonstrated that multivariate fMRI pattern analysis can detect sub-second neural activation
sequences with high spatial precision. Using probabilistic classifiers trained on individual stim-
ulus presentations, they showed that classifier-evidence dynamics within and across successive
TRs systematically reflected the order and timing of fast image sequences presented at 32–
128 ms between items. Critically, they also observed fast sequential replay in visual cortex dur-
ing post-task rest, even when the task did not require memorisation, extending fMRI-based re-
play detection beyond the hippocampus and demonstrating sensitivity to behaviourally relevant
timescales. This work further showed that probabilistic classifier evidence provides substan-
tial statistical improvements over analyses based on the single most-likely decoded category
[Schuck and Niv, 2019], and introduced a spectral modelling approach that enables inference
about the speed of underlying neural sequences from the frequency content of fMRI sequen-
tiality metrics.

Compared to TDLM, the fMRI-based approach trades temporal precision for spatial speci-
ficity. While fMRI cannot resolve the exact speed or directionality of replay with the same
precision as MEG, it enables localisation of replay signals to specific brain regions, a capability
particularly valuable given emerging evidence that replay occurs in a distributed, coordinated
fashion across hippocampal and cortical circuits.

29



2.3 Replay, Latent Structure, and the Present Thesis

A recurring theme across the literature reviewed above is a tension between two broad accounts
of replay’s primary role. On one hand, replay may mainly propagate value information across
an existing internal model: replay of unobserved paths scales with the degree to which value
needs to propagate across a learned structure [Liu et al., 2021b, Pfeiffer and Foster, 2013,
Mattar and Daw, 2018]. On the other hand, replay may actively contribute to building and
refining that model: it often represents remote locations, lags behind behavioural learning, or
occurs in tasks without reward [Gupta et al., 2010, Gillespie et al., 2021, Wittkuhn et al., 2025],
suggesting a map-building function that stitches together separate experiences into a coherent
relational model [Ólafsdóttir et al., 2018].

A critical limitation of prior work is that structure learning and value updating have rarely
been studied simultaneously. In Liu et al. [2021b], for instance, participants were pre-trained
on the task structure before the critical MEG session, so replay could be studied during value-
based generalisation but not during the initial discovery of structure. Conversely, Wittkuhn et al.
[2025] studied replay during structure learning but in a paradigm without reward, precluding
investigation of value-based replay. This leaves open a fundamental question: when an agent
must both discover latent structure and generalise value across it, which of these computational
demands drives replay?

The empirical work presented in Chapter 5 addresses this question directly. Using fMRI
and computational modelling, Renz et al. [2026] investigated replay during both the acquisi-
tion and adaptation of latent task structure in a value-based decision-making task. Participants
learned that multiple sequential bandits shared a common latent reward source, a structure
they had to discover from experience. Reward contingencies reversed periodically, creating
moments requiring generalisation of newly observed outcomes to unobserved but structurally
related options. On a second day, the latent reward structure itself changed, requiring flexible
reorganisation of generalisation patterns. The central empirical questions were: (1) does replay
occur selectively for task states sharing a latent reward source, even when those states have not
been directly experienced, consistent with results by Liu et al. [2021b]? (2) does the strength
and directionality of replay covary with structure learning and value generalisation? And (3) at
the trial-by-trial level, are fluctuations in replay better explained by non-local value updates or
by changes in inferred latent-cause assignments? These questions were addressed by combin-
ing the fMRI-based sequential slope ordering analysis [Schuck and Niv, 2019, Wittkuhn and
Schuck, 2021] with a latent-cause inference model fitted to participants’ behaviour [Gershman
et al., 2010].
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Chapter 3

Replay, Consolidation, and
Representational Change During Sleep

The preceding introductory chapters established the theoretical and empirical foundations for
understanding how neural replay supports learning and flexible behaviour during wakefulness.
Chapter 1 introduced the complementary learning systems framework and the computational
problem that replay helps to solve: enabling rapid hippocampal encoding without catastrophic
interference in slower cortical networks. Chapter 2 reviewed the evidence for replay during
wakefulness and its role in reinforcement learning, value propagation, and the construction of
cognitive maps.

This chapter turns to the role of replay during sleep. While wakeful replay supports ongoing
decision-making and the exploitation of learned structure, sleep replay has been proposed to
serve a complementary function: the gradual redistribution of memories from hippocampus to
neocortex, and the transformation of their representational content in the process. This idea,
that sleep does not merely protect memories but actively reorganises them, is formalised in
the systems consolidation hypothesis [Born et al., 2006, Diekelmann and Born, 2010, Klinzing
et al., 2019], which provides the theoretical backbone of the empirical work presented. The
present chapter reviews the origins of this hypothesis, the evidence for replay as its mechanistic
implementation, and the emerging understanding of how consolidation changes what memories
represent, not just where they are stored.

3.1 Theoretical Background

3.1.1 Systems Consolidation Hypothesis

The observation that recent and remote memories depend on different brain structures dates
back to the clinical case of patient H.M., whose bilateral medial temporal lobe resection pro-
duced severe anterograde amnesia alongside a temporal gradient of retrograde memory loss:
recent memories were severely impaired, while childhood memories remained largely intact
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[Scoville and Milner, 1957]. This pattern suggested that the hippocampus is critical for the
initial encoding and short-term retention of declarative memories, but that over time, mem-
ories become independent of the hippocampus and are instead supported by neocortical net-
works. Marr [1971] formalised this intuition in a computational framework, proposing that
the hippocampus serves as a fast-learning temporary store that “teaches” the neocortex through
repeated offline reinstatement of stored patterns.

The modern formulation of the systems consolidation hypothesis builds on the complemen-
tary learning systems (CLS) framework [McClelland et al., 1995]. CLS starts from the observa-
tion that effective learning faces a fundamental trade-off: a system that learns new information
quickly risks catastrophically overwriting previously stored knowledge, a problem known as
catastrophic interference. To resolve this, CLS proposes two complementary systems with dif-
ferent learning properties. The hippocampus functions as a fast-learning system that rapidly
encodes specific experiences as sparse, pattern-separated representations, allowing individual
episodes to be stored with minimal mutual interference. The neocortex, by contrast, is a slow-
learning system that gradually extracts statistical regularities across many experiences, building
up overlapping, distributed representations that capture the shared structure of the environment.
The two systems are complementary precisely because their different learning rates serve dif-
ferent functions: fast hippocampal encoding preserves the details of individual experiences,
while slow neocortical learning discovers what those experiences have in common.

The systems consolidation hypothesis extends this division of labour across time: memories
initially depend on the hippocampus for storage and retrieval, but are gradually transferred to
neocortical networks through a process of repeated offline reactivation. This transfer is thought
to occur preferentially during sleep, when the absence of new sensory input creates a privileged
window for hippocampal memory traces to be “replayed” to the neocortex without interference
from ongoing experience [Born et al., 2006, Diekelmann and Born, 2010, Rasch and Born,
2013].

A critical prediction of this framework is that consolidation is not a passive copying pro-
cess. Because hippocampal and neocortical networks have fundamentally different learning
rules and representational formats, the act of transferring information between them should
transform the memory’s content [McClelland et al., 1995, Winocur et al., 2010]. Detailed,
context-rich episodic traces in the hippocampus should gradually give way to more abstract,
semantically organised representations in cortical networks. The seeds of this idea are already
present in the original CLS framework: because the neocortex learns slowly by extracting reg-
ularities, information integrated into neocortical networks will naturally lose episodic detail
and take on a more schematic character. The systems consolidation literature has made this
prediction more explicit and empirically testable, emphasising that the representational format
of a memory should change as a function of when and how it is retrieved [Winocur et al.,
2010]. This prediction distinguishes systems consolidation from simple redundancy accounts
in which hippocampal and cortical traces coexist independently, and it motivates the search for
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representational changes, not just anatomical shifts, across consolidation.
Empirical support for the anatomical predictions of systems consolidation has come from

multiple methodological traditions. In rodents, lesion studies established the classic double
dissociation: hippocampal damage impairs recent contextual fear memories while sparing re-
mote ones, whereas prefrontal and anterior cingulate lesions show the reverse pattern [Kim
and Fanselow, 1992, Frankland et al., 2004, Maviel et al., 2004]. In humans, neuroimaging
studies have traced the time course of this reorganisation. Gais et al. [2007] showed that
when participants slept after learning word pairs, hippocampal activation during recall was
enhanced at 48 hours, alongside increased functional connectivity between hippocampus and
medial prefrontal cortex (mPFC). Six months later, memories encoded before sleep showed
stronger mPFC activation compared to those encoded before sleep deprivation, indicating last-
ing changes in the neural architecture supporting retrieval. Critically, sleep deprivation on the
first post-encoding night permanently disrupted this consolidation trajectory, demonstrating
that the first night of sleep is essential for initiating systems-level reorganisation. Takashima
et al. [2009] reported complementary findings: within 24 hours of learning face–location asso-
ciations, retrieval-related hippocampal activity decreased while ventromedial prefrontal activity
increased, with a corresponding shift from hippocampal–cortical to cortico–cortical functional
connectivity. More recent work has demonstrated that this reorganisation can occur faster than
classical accounts assumed: Brodt et al. [2018] showed that even a single night of sleep can
establish a neocortical memory engram in the posterior parietal cortex, detectable through in-
creased structural grey matter density and retrieval-related activation. At the cellular level,
Ko et al. [2025] recently demonstrated that systems consolidation reorganises hippocampal
engram circuitry in mice, providing convergent mechanistic evidence that consolidation phys-
ically restructures the hippocampal memory trace. Most recently, Ding et al. [2025] provided
the first single-neuron evidence for overnight systems consolidation in humans: using intracra-
nial microelectrode recordings and transformer-based neural network decoding, they showed
that medial temporal lobe neurons could decode specific episodic memories before sleep but
not after, while frontal cortex neurons showed the opposite pattern, a double dissociation that
directly demonstrates the redistribution of memory representations from MTL to frontal cortex
over a single night of sleep.

It is worth noting that the standard model of systems consolidation has been challenged
and refined over the decades. The multiple trace theory [Nadel and Moscovitch, 1997] and its
successor, the trace transformation theory [Winocur et al., 2010], argue that the hippocampus
remains involved in the retrieval of vivid, context-rich episodic memories even at remote time
points, and that consolidation produces a qualitative transformation from detailed episodic to
gist-like schematic representations rather than a simple transfer. The schema assimilation ac-
count [Tse et al., 2007] further proposes that the rate and route of consolidation depend on
the degree to which new information is compatible with pre-existing cortical knowledge struc-
tures (schemas): schema-consistent information may be rapidly integrated into neocortical net-
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works, potentially bypassing prolonged hippocampal dependence. A further variant challenges
the standard CLS assumption that fast and slow learning map cleanly onto hippocampus and
neocortex, respectively. Schapiro et al. [2017] proposed that complementary learning systems
may exist within the hippocampus itself: the trisynaptic pathway (entorhinal cortex→ dentate
gyrus→ CA3→ CA1), with its sparse connectivity and high learning rate, supports rapid en-
coding of individual episodes, while the monosynaptic pathway (entorhinal cortex → CA1),
with its more overlapping representations and slower learning rate, can extract statistical reg-
ularities across experiences. If the hippocampus already contains both fast and slow learning
components, the division of labour during consolidation may be more distributed than classical
accounts assume, with implications for where and how representational transformation occurs.
Recent work provides complementary behavioural evidence that sleep can actively transform
task representations: Löwe et al. [2025] showed that N2 sleep, but not N1 sleep, increased the
likelihood of spontaneous insight in a perceptual task after a daytime nap. Exploratory analyses
linked this effect to aperiodic EEG activity, consistent with theoretical accounts proposing that
homeostatic synaptic downscaling during deeper sleep stages acts as a form of regularisation
that suppresses irrelevant features and facilitates the discovery of hidden task structure.

These refinements and alternative models share the core prediction that consolidation trans-
forms representational content, and they collectively motivate the empirical question of what

changes about memory representations during sleep, not just where they are stored.

3.1.2 Replay During Sleep

The mechanistic account most commonly invoked to explain how memories are transferred
from hippocampus to neocortex during sleep is neural replay. As reviewed in Chapter 2, hip-
pocampal replay events recapitulate waking experience in temporally compressed sequences
during sharp-wave ripples (SWRs; see Chapter 2 for a detailed treatment).

Chapter 2 introduced the active systems consolidation model as one of the major computa-
tional functions of replay [Born et al., 2006, Diekelmann and Born, 2010, Klinzing et al., 2019].
Central to this model is a coordinated dialogue between three cardinal oscillations of non-REM
sleep: neocortical slow oscillations (<1 Hz), thalamocortical sleep spindles (12–16 Hz), and
hippocampal sharp-wave ripples (80–120 Hz). During the depolarising “up state” of the slow
oscillation, hippocampal memory traces are reactivated in the form of replay events that are
temporally coupled to sleep spindles. The spindle, in turn, provides a temporal window during
which arriving hippocampal information can be integrated into neocortical networks through
spike-timing-dependent plasticity mechanisms [Klinzing et al., 2019]. This hierarchical nesting
of oscillations, with slow oscillations driving spindles and spindles grouping ripples, is thought
to provide the temporal scaffolding that coordinates hippocampal-to-cortical information trans-
fer.

Substantial evidence supports this coordinated oscillatory framework. In rodents, hip-
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pocampal replay during SWRs is temporally coupled to neocortical slow oscillations [Sirota
et al., 2003, Isomura et al., 2006], and coordinated hippocampal–cortical replay during sleep
reflects specific memory content rather than spontaneous co-activation, as demonstrated by the
experience-dependence of inter-regional replay coupling [Ji and Wilson, 2007]. Recent work
has further elaborated the circuit mechanisms: Karaba et al. [2024] identified a hippocampal
circuit that actively balances the strength and frequency of memory reactivation during sleep,
preventing runaway excitation, while Swanson et al. [2025] showed that the coupling between
hippocampal SWRs and neocortical slow oscillations follows a topographic organisation con-
sistent with directed, region-specific communication. Brodt et al. [2023] further emphasise that
this unique electrophysiological milieu of non-REM sleep, characterised by reduced choliner-
gic tone, triple-nested oscillatory coupling, and altered excitation-inhibition balance, creates
conditions that are more effective for systems consolidation than comparable reactivation dur-
ing wakefulness.

An important temporal dynamic of sleep-dependent reactivation deserves mention. In ro-
dents, replay rates are highest within the first 10–30 minutes of post-encoding sleep and then
rapidly decline, a pattern consistent with the observation that the underlying neuronal ensem-
bles are synaptically connected and that this connectivity is gradually weakened by the re-
activation process itself [Brodt et al., 2023]. This temporal profile aligns with findings in hu-
mans showing that memory reactivations occur preferentially within the first 3–6 hours of sleep
[Brodt et al., 2023], and it suggests that the initial period of post-learning sleep may be dispro-
portionately important for initiating consolidation.

In humans, direct measurement of replay during sleep has been more challenging, but causal
evidence for the role of sleep reactivation in consolidation has come from targeted memory
reactivation (TMR) studies. In TMR paradigms, sensory cues that were associated with spe-
cific memories during encoding (e.g., odours or sounds) are re-presented during SWS, thereby
biasing which memories are reactivated [Rasch et al., 2007]. Rasch et al. [2007] provided the
seminal demonstration that odour cues presented during SWS selectively enhanced memory for
items learned in the presence of that odour, an effect that was absent when cues were presented
during REM sleep or wakefulness. Subsequent work has shown that TMR enhances hippocam-
pal activation and hippocampal–cortical connectivity during sleep [Cairney et al., 2018] and
can be combined with neurostimulation for more precise causal inference. Importantly, TMR
does not act holistically on memory: Siefert et al. [2024] demonstrated that reactivation during
sleep selectively enhances unique, distinguishing features of learned objects while weakening
shared, category-typical features, consistent with a differentiation process rather than uniform
strengthening. This finding provides causal evidence that sleep reactivation reshapes memory
structure, not merely stabilises it.

Most strikingly, Geva-Sagiv et al. [2023] used closed-loop intracranial stimulation in epilepsy
patients to synchronise prefrontal stimulation with the active phase of medial temporal lobe
slow oscillations. This manipulation enhanced sleep spindles, improved coupling between hip-
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pocampal ripples and thalamocortical oscillations, and boosted recognition memory, providing
direct causal evidence that the precise temporal coordination of hippocampal–cortical activity
during sleep supports memory consolidation.

An important distinction concerns what makes sleep replay particularly effective for consol-
idation, given that replay also occurs during wakefulness. As discussed in Chapter 2, wakeful
and sleep replay appear to serve partially distinct functions, with wakeful replay emphasising
online evaluation and updating of behavioural policies, and sleep replay emphasising systems-
level consolidation. However, Brodt et al. [2023] argue that the critical distinguishing factor is
not the replay phenomenon per se but the electrophysiological context in which it occurs: the
triple-nested oscillatory coupling and neuromodulatory environment of non-REM sleep create
conditions that preferentially drive hippocampal-to-neocortical transfer. The empirical chapter
that follows examines one specific aspect of sleep’s role: whether the neural signatures of se-
quential memory retrieval change across a night of sleep in ways consistent with the systems
consolidation framework.

3.1.3 Overnight Representational Transformation

The preceding sections established that systems consolidation should transform the represen-
tational content of memories, not merely their anatomical locus. This section reviews the be-
havioural, neural, and computational evidence for such transformation.

Behavioural evidence for sleep-dependent abstraction

Sleep has been shown to promote the extraction of rules and regularities that are not ex-
plicitly taught during encoding. Wagner et al. [2004] demonstrated that participants who slept
between encoding and test were more likely to discover a hidden shortcut in a number reduction
task, suggesting that sleep facilitated the abstraction of an implicit rule. Ellenbogen et al. [2007]
showed that sleep promoted relational memory integration, enabling participants to infer novel
transitive relationships between items learned only in separate, overlapping pairs. Similarly,
Durrant et al. [2011] demonstrated sleep-dependent consolidation of statistical learning, with
sleeping participants showing stronger implicit knowledge of the underlying generative struc-
ture. However, the behavioural evidence is not entirely consistent, and critical review suggests
that the conditions under which sleep promotes insight and generalisation are more constrained
than initially assumed [Brodt et al., 2023]. The current consensus is that sleep can facilitate,
but does not automatically guarantee, the extraction of higher-order structure, with the effect
depending on encoding strength, structural complexity, and individual differences in sleep ar-
chitecture. Recent work further suggests that sleep may preferentially rescue weak memories
embedded in complex, interconnected networks, with the benefit scaling with fast sleep spindle
density and amplitude [Schechtman, 2024].
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Neural evidence for representational restructuring

At the neural level, multivariate pattern analysis has begun to reveal how memory repre-
sentations are restructured across consolidation. Tompary and Davachi [2017] showed that
neural patterns in both the hippocampus and mPFC came to represent the featural overlap
across related memories, but only after one week of consolidation, not during immediate re-
trieval. Importantly, the degree to which individual memories preserved their unique encoding
patterns was inversely related to the representation of overlap, pointing to a trade-off between
episodic fidelity and integrative abstraction. Tompary and Davachi [2024] extended this finding
to sequences with shared predictive structure: behavioural integration of overlapping sequences
emerged only after a 24-hour delay and correlated with neural pattern changes in mPFC and
with hippocampal–cortical resting-state connectivity.

Emerging evidence connects this representational restructuring to the successor represen-
tation framework introduced in Chapter 1. He et al. [2025] demonstrated that sequence learn-
ing reshapes neural representations to incorporate successor information, with representations
of temporally adjacent stimuli becoming more similar even when temporal structure is task-
irrelevant. Critically, both the strength of successor representations and their transformation
toward higher-level abstract formats correlated with the proportion of slow-wave sleep during
a post-learning nap, directly linking sleep architecture to the abstraction of relational structure.

Representational drift and constructive consolidation

A related phenomenon is representational drift: the gradual change in neural population
codes for stable memories over time, even in the absence of new learning [Rule et al., 2019,
Mau et al., 2020]. If neural codes are inherently unstable, then hippocampal-to-cortical trans-
fer may involve re-encoding into a new representational format shaped by the neocortex’s own
computational constraints and prior knowledge, rather than the literal copying of a fixed trace.
This constructive view of consolidation connects naturally to the empirical question addressed
in the following chapter: whether retrieval-related neural patterns change in their regional dis-
tribution and representational content across a night of sleep.

Computational models of sleep-dependent consolidation

Building on the CLS framework (Chapter 1), several models have formalised how sleep
consolidation transforms memory representations. Singh et al. [2022] developed a model of
autonomous hippocampal–neocortical interactions during sleep, showing that NREM replay
preferentially consolidates shared schematic features across memories, while the alternation of
NREM and REM sleep stages enables continual learning by integrating new memories dur-
ing NREM while protecting previously consolidated knowledge during REM. At the synaptic
level, González et al. [2020] demonstrated in a biophysically realistic thalamocortical network
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model that sleep replay orthogonalises overlapping memory representations via spike-timing-
dependent plasticity, allowing the same neuronal populations to encode multiple distinct mem-
ories without catastrophic interference. Spens and Burgess [2024] proposed a complementary
generative account in which consolidation corresponds to the training of a variational autoen-
coder through hippocampal replay. The generative network gradually learns the statistical
structure of experienced events, producing schema-like representations that enable memory
reconstruction and relational inference, but at the cost of systematic schema-based distortions
that increase with consolidation. More recent models have incorporated schema-dependent
consolidation rates [McClelland et al., 2020] and the role of replay in building predictive maps
[Russek et al., 2017, Wittkuhn et al., 2025], converging on the prediction that replay-driven
consolidation transforms the structure of stored memories.

Taken together, the evidence reviewed in this chapter points to a picture in which sleep,
through the mechanism of coordinated hippocampal–cortical replay, actively transforms mem-
ory representations. The empirical chapter that follows tests specific predictions of this frame-
work using a hierarchical sequence memory task with pre- and post-sleep fMRI retrieval ses-
sions. The hierarchical task structure is designed to place differential demands on the two
memory systems: fine-grained sequential recall requiring hippocampal pattern separation, and
higher-order structural regularities amenable to neocortical statistical extraction. This de-
sign thereby provides a rich landscape for detecting consolidation-related changes in both the
anatomical locus and the representational content of memory. As will be shown, sequential
reactivation during retrieval is detectable across cortical and medial temporal regions, and its
regional profile shifts across sleep in a manner consistent with the systems consolidation frame-
work: parietal cortex emerges as the dominant locus of retrieval-related sequential reactivation
after overnight consolidation, while replay strength predicts individual differences in retrieval
accuracy.
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Chapter 4

Measuring Brain Plasticity:
Methodological Foundations

The preceding chapters have traced a progression from rapid, event-level representational up-
dating to slower, overnight consolidation and transformation. Chapter 2 examined how neural
replay during wakefulness supports the learning of latent task structure and propagates value
across inferred states. Chapter 3 showed how replay during sleep drives the redistribution
of memory representations from hippocampal to cortical networks, reshaping their content
in the process. Both forms of replay-driven change, whether occurring within minutes dur-
ing task performance or across hours during sleep, represent specific instances of a broader
phenomenon: neural plasticity, the brain’s capacity to reorganise its structure and function in
response to experience.

This chapter steps back from those specific applications to survey the broader method-
ological landscape from which they emerge. The empirical chapters relied on a shared set of
neuroimaging tools, in particular multivariate pattern analysis and representational similarity
analysis, to detect and characterise representational change. But these tools are part of a much
larger toolkit that neuroscientists have developed to measure plasticity across different spatial
and temporal scales. Reviewing this broader landscape serves a dual purpose: it situates the
analytic choices made in the preceding chapters within their wider methodological context, and
it clarifies the constraints and trade-offs inherent in measuring neural change non-invasively in
humans.

Plasticity, broadly construed, refers to the capacity of the nervous system to change its struc-
ture and function in response to experience, development, or injury [Paillard, 1976, Lövdén
et al., 2010a, Pascual-Leone et al., 1991]. The concept has deep roots: Santiago Ramón y Cajal
speculated that learning might involve the strengthening of connections between neurons [Rozo
et al., 2024, Ramón y Cajal, 1894], and Donald Hebb later formalised this intuition in his influ-
ential proposal that coincident neural activity strengthens synaptic connections [Hebb, 1949].
Since then, plasticity has been demonstrated at virtually every level of neural organisation, from
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molecular changes at individual synapses [Citri and Malenka, 2008, Malenka and Bear, 2004]
to large-scale reorganisation of cortical maps [Maguire et al., 2006, Gärtner et al., 2013] and the
growth of new neurons in the adult hippocampus [Boldrini et al., 2018, Eriksson et al., 1998,
Disouky et al., 2026]. The replay-driven representational changes examined in the preceding
chapters occupy an intermediate position within this hierarchy: they are too rapid to reflect
gross structural reorganisation, yet they produce lasting changes in how information is encoded
and retrieved, consistent with the functional consequences that define genuine plasticity.

In humans, direct measurement of synaptic or cellular plasticity is generally not possible.
Instead, researchers rely on macroscopic, non-invasive methods that provide indirect but pow-
erful windows onto structural and functional brain change. Structural neuroimaging techniques
such as T1-weighted MRI and diffusion tensor imaging can reveal changes in grey matter vol-
ume or white matter integrity following training or intervention [Ashburner and Friston, 2000,
Lövdén et al., 2010a, Sampaio-Baptista et al., 2018]. Functional methods, particularly fMRI,
allow researchers to track how patterns of neural activity and functional connectivity reorganise
as new knowledge is acquired [Poldrack, 2000, Bassett et al., 2011]. These approaches have
produced landmark findings: London taxi drivers show enlarged posterior hippocampi related
to years of navigational experience [Maguire et al., 2006]; musical training is associated with
structural and functional differences in auditory and motor cortex [Gärtner et al., 2013, Sato
et al., 2015, Schlaug et al., 1995]; and short-term learning paradigms can induce measurable
changes in both grey and white matter within days or weeks [Sampaio-Baptista et al., 2018,
Wenger et al., 2017].

Yet measuring plasticity in humans poses distinctive challenges. Observed changes can re-
flect genuine neural reorganisation but also vascular, metabolic, or methodological confounds
[Poldrack, 2000]. Longitudinal designs are essential for tracking within-person change, but
they introduce issues of test-retest reliability, attrition, and practice effects. Distinguishing
plasticity from pre-existing individual differences requires careful control conditions and, ide-
ally, random assignment to training versus control groups [Hariton and Locascio, 2018, Voss
et al., 2010]. These challenges were not merely abstract concerns for the present thesis: the
longitudinal within-person design of the sleep project, and the reliance on multivariate decod-
ing rather than univariate contrasts in both empirical chapters, reflect deliberate responses to
exactly these methodological demands.

This chapter is based on, and closely follows, the book chapter Neuroscience Methods

for Investigating Brain Plasticity [Verra et al., 2025], published in The Oxford Handbook of
Cognitive Enhancement and Brain Plasticity. In that chapter, my co-authors and I review struc-
tural and functional neuroimaging techniques, noninvasive brain stimulation approaches such
as TMS and tDCS, and the study designs needed to draw valid inferences about plasticity. The
chapter is reproduced here with minor formatting and referencing adjustments for consistency
with the thesis.
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Part III

Empirical Contributions
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Chapter 5

Neural replay is connected to latent cause
inference and supports fast generalization

Fabian M. Renz, Shany Grossman, Nathaniel D. Daw, Peter Dayan, Christian F. Doeller, Nico-

las W. Schuck

Preprint published 16 January 2026: DOI: https://doi.org/10.64898/2025.12.
12.693963

5.1 Introduction

A hallmark of adaptive behavior is the ability to generalize from past experiences to guide de-
cisions in novel situations. This capacity relies on representations that capture the underlying
decision-relevant structure of the environment while filtering out details irrelevant for reward
prediction [Shepard, 1987, Niv, 2019, Kaplan et al., 2017]. When environments are novel or
changing, successful generalization therefore requires to first infer an environment’s hidden
task states, a process often formalized as latent cause inference (LCI), which leverages sim-
ilarities across observed events to infer the shared, unobservable causes that generated them
[Collins and Frank, 2013, Lloyd and Leslie, 2013, Gershman and Niv, 2015]. Having estab-
lished that distinct observations arise from the same latent cause, one can begin to generalize
information (e.g. value) from one observation to the other.

A central question is how the brain initially learns and subsequently leverages such latent
structure for flexible generalization. Recent work suggests a critical role for neural replay, the
sequential reactivation of neural states corresponding to past experiences [Foster, 2017, Wit-
tkuhn et al., 2021, Schuck and Niv, 2019]. However, the specific computational function of
replay in learning and leveraging hidden structure remains debated, with research pointing to
two distinct roles. One line of work suggests replay serves to update value expectations or plan
immediate actions. For instance, rodent studies have shown that replay sequences often de-
pict future paths to remembered goals, predicting immediate behavioral choices [Pfeiffer and
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Foster, 2013]. In this view, replay utilizes the inferred structure to propagate reward infor-
mation to related states, performing “non-local” value updating [Mattar and Daw, 2018, Liu
et al., 2021b]. In contrast, alternative accounts of replay argue that replay is primarily con-
cerned with memory, and in particular building and maintaining the abstract representation of
the environment itself [Ólafsdóttir et al., 2018]. This view is supported by findings that replay
often represents past goals or non-local areas rather than the immediate future path, decoupling
it from current choices [Gupta et al., 2010, Gillespie et al., 2021], as well as by evidence for
structure replay in tasks that do not involve reward learning [Wittkuhn et al., 2025]. Notably,
Gillespie et al. [2021] found that replay often “lags” behavioral learning, suggesting it may
function to consolidate the structure of the task, stitching together separate experiences to form
a coherent map rather than drive immediate planning [Ou et al., 2025, Bakermans et al., 2025].
Recently, these views have been framed as complementary processes, where replay might pri-
oritize either map-building or planning depending on the uncertainty of future goals [Sagiv
et al., 2025, Ólafsdóttir et al., 2018].

Although methodological advances progressively allow the detection of replay in humans
[e.g., Wittkuhn and Schuck, 2021, Wittkuhn et al., 2025, Liu et al., 2021b, 2019], empirical
evidence distinguishing between these computational roles remains scarce, particularly dur-
ing the initial discovery of task structure. Recent magnetoencephalography (MEG) work has
shown that replay of unobserved paths can support value generalization across shared reward
structures [Liu et al., 2021b]. This finding aligns with the “non-local” value updating account
[Mattar and Daw, 2018], suggesting that replay utilizes offline periods to propagate new reward
information across learned structure. Yet, because prior work has largely relied on pre-learned
associations, it remains unknown how replay interacts with the discovery or adaptation of that
structure. A critical mechanistic question persists: Does replay actively drive the inference of
latent causes or does it primarily exploit an emerging structure to propagate value?

To capture the dynamical interaction between structure learning and value generalization
and to identify its potential neural bases, we combine behavioral, neuroimaging, and latent
cause inference modeling to investigate how latent structure is learned and used in the service of
generalization. On the first day of our experiment, participants learned a novel graph structure
linking multiple visual sequences to shared or independent reward outcomes, which repeatedly
reversed throughout time (similar to Liu et al. 2021b). On the second day, we changed the
latent reward structure, requiring flexible reorganization for appropriate generalization. This
design allowed us to track both the acquisition of structure and its adaptation to change. To
capture the intertwined structure and reward learning processes, we fitted a latent cause in-
ference model to participants’ data and, following our previous work [Schuck and Niv, 2019,
Wittkuhn and Schuck, 2021, Wittkuhn et al., 2025], measured replay using functional magnetic
resonance imaging (fMRI). Results indicate that participants learned the structure of our task
and achieved successful generalization in the second half of day 1. A latent cause model fit-
ted human behavior better than standard reinforcement learning models, successfully capturing
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structure acquisition and generalization processes. Neural analyses in visual cortex revealed
that replay was tightly aligned with participants’ knowledge of the latent structure: its strength
increased as the reward relationships were learned on day 1 and adapted after the structural
change, including a pronounced shift in directionality for the newly generalizable path. These
dynamics indicate that replay is closely coupled with the inferred structure and supports value
updating, consistent with our LCI model in which trial-wise non-local value updating of the
unobserved path was the strongest predictor of replay. Moreover, we found that multivariate
patterns in the medial temporal lobe reflected the emerging reward structure and reorganized
following structural change.

5.2 Results

5.2.1 Structure learning facilitates fast value generalization

Fifty-two healthy participants (mean age 27.4; 25 females) completed a 4-session fMRI ex-
periment across two consecutive days (Fig. 5.1D). The primary purpose of our study was to
investigate the role of neural replay in (a) learning the latent task structure and (b) the structure-
enabled value generalization.

In both days of the main task, participants had to decide between four sequential bandits
(A, A∗, B and C), each consisting of a sequence of four 750 ms videos that led to a reward
outcome (e.g., A1 → A2 → A3 → A4 → R1; videos depicted distinct objects e.g., giraffe,
grapes, basketball; see Fig. 5.1A and SI Fig. 5.11). Each sequence terminated in a scalar
outcome (0–100 points), with rewards for three bandits (A, A∗, and B) sampled from one latent
reward distribution (R1) and rewards for bandit C sampled from a second distribution (R2);
these distributions were noisily sampled on each trial and periodically reversed such that which
latent reward was currently higher changed over time. The video sequences of bandits A and
A* depicted objects from the same categories (e.g., A1 and A∗1 depicted a giraffe and a zebra,
i.e. both animals; the other matched categories were houses, cars, and fruits), whereas the
content of all other videos was unrelated. On each trial, participants first passively observed
one of the four video sequences and its outcome, and were then asked to choose between two
video screenshots using a preference slider (1-6). The choice options were always matched in
their positional distance from the reward (e.g. B2 vs. C2, see Methods for details). Feedback on
overall accumulated reward was provided every 10 trials. The task involved 120 trials structured
into 5 blocks, and reward outcomes reversed episodically every 15-20 trials (i.e., 6 reversals in
total, see Methods).

As expected, participants successfully learned reward contingencies and adjusted their choices
upon reversals to the bandits with the highest outcomes (see Fig. 5.2A; remaining reward sched-
ules in SI Fig. 5.8), demonstrated by an increase in accuracy from 68.7 % accuracy in Block 1
to 84.8 % in Block 5 (linear effect of block in a linear mixed effect model: β = 0.041, z = 6.46,
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p < .001, see Fig. 5.2B).

Figure 5.1: Task design and experimental paradigm. (A) Each trial presented a sequence of four 750 ms video
stimuli leading to a reward outcome (points), and was then followed by a choice between two options using
a 6-point confidence slider. (B) On Day 1, three sequences (A, A*, B) led to a shared reward outcome (R1)
and sequence C to an independent outcome (R2); A and A* shared the semantic categories for each sequence
position (e.g. animals: giraffe and zebra). On Day 2, after 40% of the trials, sequence A* covertly switched
from R1 to R2, requiring participants to learn the new underlying structure and adapt their generalization strategy
accordingly. (C) Trials were either standard trials, in which values could be judged from direct observation, or
reversal trials, which tested generalization to unobserved sequences after a reward reversal. Correct structure
knowledge enabled generalizing value changes from an observed sequence (e.g., A) to others sharing its reward
contingency (e.g., A* and B). (D) Experimental timeline: Each day began with an fMRI localizer used for classifier
training, followed by task training and the main task. Day 1 involved structure discovery from experience, ending
with explicit revelation of the structure. Day 2 therefore began with full structure knowledge, allowing assessment
of exploitation and adaptation to the mid-session structure change.

A core feature of our task on Day 1 was that, unbeknownst to participants, the outcomes
of three sequential bandits (A, A∗ and B) were sampled from the same latent mean (shared
reward, R1), while bandit C was associated with an independent reward (R2, unique reward,
Fig. 5.1B). Our main behavioral question was whether participants would learn about the cor-
relation structure of the rewards and use it to generalize outcome observations among all three
related bandits. To test this, we used trials immediately after a reward reversal to provide a
primary measure for participants’ knowledge of the graph structure. Specifically, we asked
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participants to choose between two nodes of the graph that had not been observed since the re-
versal. To answer correctly in these reversal-locked trials, participants had to generalize value
from an observed bandit (e.g. A) to one of the correlated bandits (e.g., A∗), based on shared
reward contingencies rather than direct observation (henceforth reversal trials, see the right
choice in Fig. 5.1C). Note that in these trials, responding based on one’s memory of a bandit’s
last observed reward would lead to objective accuracy of less than 50%: Although the last re-
wards observed for bandits A* and C indicated that C is better than A*, for instance, in reversal
trials participants should prefer A* over C because they had just observed that A resulted in a
higher outcome on the last trial.

An analysis of reversal trials on Day 1 showed that participants improved accuracy from
around 55% in blocks 1-2 to 74% in blocks 4-5 (Fig. 5.2C, main effect of block in lme:
β = 0.052, z = 3.041, p = 0.002; performance in blocks 4 and 5 was above chance, both
p < 0.05, FDR corrected). This pattern was also evident in the trial-wise accuracy follow-
ing reward reversals (Fig. 5.2D). During early reversals (first 2), accuracy showed a maximum
drawdown to 41% immediately after the reversal and did not recover to reliably above-chance
performance within the subsequent generalization trials (post-reversal trial 4: 60.8%, p = 0.02;
trial 5: 58.0%, p = 0.11). In the middle phase of the task (reversals 3 and 4), the maximum
drawdown decreased to 49%, following which participants returned to above-chance perfor-
mance by the fifth reversal generalization trial (post-reversal trial 4: 62%, p = 0.106; trial 5:
68%, p = 0.009). During the late stage of the task (reversals 5 and 6), the maximum drawdown
was 51%, after which participants performed above chance from the second post-reversal trial
onward (post-reversal trial 2: 67%, trial 5: 84%; all p < 0.001 from trial 2 onward, FDR-
corrected; Fig. 5.2D). The slight dip before the reversal likely reflects participants beginning to
adapt as rewards start changing but have not yet reversed, as reversals transition through 1–2
intermediate steps between stable reward levels (see Methods).

As mentioned above, videos associated with bandits A and A∗ were semantically simi-
lar, while videos in A/A∗ and B were not. We hypothesized that semantic similarity would
facilitate generalization [e.g., Tompary and Thompson-Schill, 2021]. Indeed, reversal trials
requiring generalization between category-sharing sequences (e.g., from A to A∗) showed su-
perior performance compared to cross-category generalization (e.g., from B to A∗; paired t-test
t(50) = −2.56, p = 0.014, see Fig. 5.2E). Hence, while generalization occurred for bandit
pairs with and without semantic similarity, such similarity did enhance structure learning and
generalization.

We also included 10 trials that probed two options that led to the same reward (e.g., A2 vs.
A*2, both leading to R1), which therefore had no “correct” solution under the initial structure.
On these trials, participants showed significantly weaker preferences than on trials involving
options from different reward sources, which elicited more extreme ratings. (A linear mixed-
effects model predicting rating extremity (center = low, extreme = high; trial type β = 0.343,
z = 13.26, p < .001).
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Figure 5.2: Behavioral performance on Day 1 demonstrates structure learning and adaptation. (A) Example
preference ratings for one reward schedule (solid blue line; 1–6 scale) for R1 compared with the true reward val-
ues (dashed lines; R1=blue, R2=orange) across Day 1. Participants successfully adapted to the reward reversals:
when R1 > R2, ratings for R1 increased, indicating a strong preference, whereas when R2 > R1, ratings for R1
decreased, reflecting a shift in preference toward R2. (B) Accuracy across all trials, showing progressive improve-
ment over the course of Day 1. (C) Performance on reversal trials that required generalization to unobserved
sequences. Accuracy begins at chance early in training and increases with experience, reaching above-chance
levels in blocks 4 and 5. (D) Recovery from reversals, time-locked to the reversal onset (trial 0), shown for early
(reversals 1 and 2), mid (reversals 3,4), and late reversals (reversals 5,6) across Day 1. Recovery becomes faster
over the course of training, indicating improved use of latent structure. (E) Semantic similarity effect on Day 1
reversal trials: performance was higher when generalizing within category-sharing sequences (e.g., observing A
and being probed on A*).

5.2.2 A latent cause inference model captures structure discovery and
generalization

One mechanism that can explain structure learning and value generalization is a process known
as latent cause inference (LCI). This framework posits that the brain infers hidden, unobserv-
able causes to explain the structure of observed patterns of events and then generalizes on
the basis of inferred latent causes [Gershman et al., 2010, Lloyd and Leslie, 2013, Gershman
and Niv, 2015]. To test this idea, we developed a LCI model of our task that used a Chinese
Restaurant Process prior with particle filtering to perform approximate inference [see Sanborn
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et al., 2010, see Methods] about hidden causes that might have generated the observed video
sequences and their rewards. Different particles represent alternative hypotheses about latent
cause structures and are resampled according to how well they account for the observed data.
Because the model continuously inferred the structure of latent causes given past observations,
it could learn about reward correlations and generalize values after reward changes by discov-
ering shared latent causes across paths (Fig. 5.3A).

We applied the LCI model (4 free parameters: concentration parameter α, categorical up-
date η, hazard rate h, and choice temperature θ) to data from our task and tested it against three
alternative models: a simple temporal difference (TD) model that learned about each bandit
independently (two free parameters learning rate α, temperature θ), and two versions of ‘clair-
voyant’ TD models that applied each TD update to all bandits which shared outcomes with
either a single or differential learning rates (the models are clairvoyant because they magically
know from the start how outcomes can be generalized). The TD model had the worst model fit
(AICc = 69.6), due to its failure to generalize following reversal trials (see SI). The clairvoyant
TD models had marginally better model fits because they did generalize (single learning rate
AICc = 63; differential learning rates AICc = 56.6), but their model fit was limited by their
inability to capture the learning progression throughout the first day (as well as the structure
change during the second day, see below). The LCI model’s flexibility in both discovering and
updating structure yielded the best fit (AICc = 43.8; Fig. 5.3D). Inspecting the LCI model more
closely confirmed that it captured key behavioral phenomena across both days (e.g., reversal
trial generalization, see Fig. 5.3B; reversal recovery SI Fig. 5.9C).

The latent cause model also captured individual differences in structure learning. Partici-
pants with higher overall accuracy were fit by models discovering fewer latent causes (Fig. 5.3C;
linear mixed-effects model: β = −0.022, SE = 0.006, z = −4.03, p < 0.001), indicating ef-
ficient structure discovery (i.e., value generalization was achieved by grouping sequences with
shared rewards under a common latent cause). Moreover, the selectivity of value updating
within the model correlated with participants’ reversal performance: participants’ accuracy,
calculated as the percentage of correct choices in reversal trials, was positively associated with
the degree to which the model exhibited higher non-local updating during reversal compared
to stable periods. (LME: β = 0.021, z = 2.825, p = 0.005; Fig. 5.3D). Together, these results
suggest that statistical learning supports the inference of latent structure that scaffolds value
generalization, enabling selective, non-local value updating when contingencies change while
preserving stability during steady states.
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Figure 5.3: Latent cause inference model explains structure learning on Day 1. (A) Illustration of the latent
cause inference model. On each trial, the model computes the likelihood of the current observation for all ex-
isting versus a potential new latent cause, combining (i) how often the observed sequence has previously been
assigned to that cause and (ii) the cause’s current reward expectation. The likelihood is combined with a Chi-
nese Restaurant Process prior, which favors reuse of frequently inferred causes. Particles then branch over all
possible assignments and are resampled in proportion to how well each branch accounts for the observed data.
As sequences become associated with shared latent causes, updated values assigned to one sequence can be ac-
cessed by other sequences through their shared latent-cause representation, enabling generalization. Trial-by-trial
value estimates are obtained by marginalizing over latent causes and particles. (B) Reversal trial performance
calculated as percent correct choices on Day 1. The LCI model captures the gradual improvement in participants’
generalization accuracy across blocks. (C) Individual differences on Day 1. Participants with higher behavioral
performance were best fit by models inferring fewer latent causes, consistent with more efficient structure discov-
ery and generalization through shared latent causes. (D) Individual differences in selective value updating relate
to reversal performance. The x-axis shows the model-derived increase in non-local value updating for unobserved
sequences during reversal trials relative to non-reversal trials (Rev. − Non-rev.). The y-axis shows participants’
reversal performance, calculated as the percentage of correct responses. Greater model-derived selective value up-
dating was associated with higher behavioral performance. Point color reflects overall task accuracy, with warmer
colors indicating higher performance (same color scale as panel C). (E) Model comparison across the full experi-
ment. The LCI model outperforms both temporal-difference models lacking generalization and models with fixed,
non-adaptive generalization structure. This performance difference is preserved when the analysis is conducted
separately for each day (see SI Fig. 5.9A).
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5.2.3 Backward replay selectively reactivates unobserved generalizable
paths

Following previous work [Liu et al., 2021b], our core neural hypothesis was that value gener-
alization was facilitated by neural replay, i.e. that generalization from one bandit to another
was driven by post-outcome backward replay of the bandit to which outcome knowledge was
generalized. In line with our behavioral findings, we specifically expected such “non-local”
replay of unobserved sequences to occur for bandits that shared reward contingencies. To test
this hypothesis, we inserted 18-second breaks after reward presentation, just before the deci-
sion phase, i.e. the moment when value generalization would be needed to support subsequent
choices. These prolonged inter-stimulus intervals (ISIs) were distributed throughout the task
but had systematically higher frequency after trials following reward reversals, as these were
the critical moments during which non-local updating was most needed for successful decision-
making (40 per session). Almost all reversal trials were associated with prolonged ISIs and we
did not observe any performance difference comparing non-reversal trials with and without
prolonged ISI (t(50) = 1.393, p = .170).

To decode replay-related neural signals, we first trained logistic regression classifiers on
fMRI patterns from independent localizer sessions conducted before and after the task (ses-
sions 1 and 3, see Methods and SI Fig. 5.10). Classifiers were trained in a one-versus-rest
fashion to distinguish between the 16 individual video stimuli. We first focused on a visual re-
gion of interest (ROI; object-selective regions in the ventral stream, as in Wittkuhn and Schuck
[2021], for details see Methods), which yielded a low between-class confusion (see Fig. 5.4A)
and very high classification performance (mean probability of true class at peak: 71.2%, t(49)
= 44.02, p < .001, Fig. 5.4B) that is a prerequisite for subsequent replay analyses. Note, one
classifier was excluded from all replay analyses because it showed elevated activation during
the reward stimulus (see Methods), which could have biased the prolonged ISI. Importantly,
the exclusion of this classifier did not selectively impact any condition. Because condition as-
signments depended on the presented sequence, the sequence containing the excluded classifier
was represented in all four conditions introduced below (see Fig. 5.4D).

Classifiers trained on localizer sessions also successfully decoded the displayed stimuli
during the main task (probability at peak in the visual ROI: 51.1%, t(50) = 31.35, p < .001,
Fig. 5.4C and SI Fig. 5.12). To study replay during the ISI periods, we employed the sequen-
tial slope ordering analysis (SODA) method developed and used in Schuck and Niv [2019],
Wittkuhn and Schuck [2021], Wittkuhn et al. [2025]. The main idea of SODA is that sequen-
tial neural activity will lead to a specific pattern of ordered classifier probabilities across time,
which can be detected by analyzing the slopes of TR-wise regression coefficients that test a
hypothesized sequential order. Hence, we could test for instance, whether class probabilities
of classifiers of the A branch were ordered as expected (p(A1) > p(A2) > p(A3) > p(A4)),
and similarly for the other three sequences. The slope assesses average ordering, and thus does
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not guarantee that every comparison is conjunctively significant. We excluded the reward state
from the sequence modeling, as it was shared across all four sequences. Given the set of possi-
ble within-branch orderings, we constructed for each ISI period four sequence slope models and
categorized them according to the branch that had been observed in the trial immediately before
that ISI (Fig. 5.4D). First, sensory model coefficients referred to the branch just seen before the
ISI and hence reflected sequential activation potentially arising due to the actually observed
video sequence. Second, the semantic generalization model quantified sequential reactivation
of the bandit that is semantically related to, and shares a latent reward with, the bandit shown
before the ISI (e.g., reactivating the sequence A4→A3→A2→A1 after observing A∗), if any;
Third, non-semantic generalization model slopes reflected reactivation of sequences that share
the same latent reward, but not the semantic category (e.g., replaying the sequence B4→B3→...
after observing A∗). Finally, the non-generalization model captured reactivation of sequences
that are unrelated to the just observed one (e.g., C4→C3→... after observing A∗). We hypoth-
esized that we would observe Semantic and Non-Semantic generalization effects that indicate
backward replay. Sensory forward activation elicited by the presented video sequence served
as a sanity check for our analyses, and Non-generalization sequences functioned as a control
condition.

Figure 5.4: Training and applying classifiers (A) Confusion matrix from localizer sessions showing accurate
decoding of 16 video stimuli in visual cortex with minimal category bias. (B) Cross-validated localizer perfor-
mance in visual cortex (avg. probability of true class 71.2%; chance level 6.25%, dashed line). (C) Transfer to the
main task: classifier probabilities peak following stimulus onset for shown items (blue) but not non-shown items
(gray). (D) Replay conditions. After viewing sequence A* (sensory, olive), unobserved sequences were classified
as semantic generalization (A, shared reward and category, orange), non-semantic generalization (B, shared re-
ward only, turquoise), or no generalization (C, unrelated, brown). (E) Averaged classifier probability time courses
aligned to prolonged ISI onset (time 0). Strong sequential sensory responses precede ISI onset, followed by se-
quential reactivation during the non-sensory period. The sensory period refers to the initial TRs dominated by
stimulus-driven responses, whereas the non-sensory period begins once these sensory responses return to base-
line.

Focusing on the visual ROI, we found strong evidence for sensory-driven sequential activa-
tion during the presentation of the sequence and the early TRs of the prolonged ISI, as expected
(Fig. 5.4E). As shown in Fig. 5.5A, the regression slope testing the sensory sequence showed a
sinusoidal pattern, with positive coefficients (indicating forward ordering, βs > 0 at TRs -11–6
relative to the ISI onset, all ps < 0.01, corrected) followed by negative coefficients (reflecting
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the expected sign flip that is part of any forward sequence, see [Wittkuhn and Schuck, 2021], βs
< 0 at TRs -4–1, all ps < 0.01, corrected). Hence, our classifiers were able to detect objective
sequential activation.

We also observed that unobserved but semantically related categories co-activated during
the stimulus presentation period, although confusion among these semantically related cate-
gories during the localizer was minimal (Fig. 5.5A). To test whether this effect indeed reflected
meaningful co-activation or merely classifier uncertainty, we quantified how the classifier dis-
tributed residual probability across non-presented classes during the localizer versus main task.
For each trial, we computed the difference between (i) the probability assigned to the unob-
served but semantically-related class and (ii) the mean probability assigned to all other un-
observed classes that were not part of shown or related category sequences. If co-activation
resulted solely from classifier uncertainty, the magnitude of this difference should remain the
same in the localizer and main task, while associative links between category members as re-
ported previously [e.g., Wimmer and Shohamy, 2012] would lead to a larger difference in the
main task. A linear mixed-effects model confirmed a significant increase in category-partner
bias during the main task relative to the localizer (β = 0.009, z = 2.65, p = .008), indicat-
ing that unobserved but semantically related items were activated more strongly than can be
accounted for by the baseline classifier confusion.

We next asked whether we could detect replay in the visual ROI during the post-sensory
period. We conservatively defined this period as the TRs when the coefficients of the above-
described sensory model had returned to 0, which was true starting from 2 TRs into the pro-
longed ISI (mean slope: 0.0005; t-test against 0: t(50) = 0.233, p = .81), see vertical line
in Fig. 5.5A,B). To test whether generalization-related visual replay occurred in this period,
we examined the β coefficients of condition i.e., the semantic and non-semantic generaliza-
tion models, in comparison to the no generalization and sensory models. A linear mixed ef-
fects model of average β slopes across the entire post-sensory ISI period with condition as a
predictor revealed significant differences across sequence conditions (main effect condition:
z = 5.89, p < 0.001, see Fig. 5.5C). Post hoc tests showed that both semantic generalization
(t(49) = −2.55, p = 0.028) and non-semantic generalization (t(49) = −3.27, p = 0.008)
exhibited significant negative effects, indicating systematic backward replay. In contrast, no
evidence was found for sensory replay (t(49) = 0.76, p = 0.600) or for no-generalization
sequences (t(49) = 0.16, p = 0.876; Fig. 5.5C). Direct comparisons further confirmed that
sensory replay was significantly weaker than both non-semantic generalization (t(50) = 4.10,
p < 0.01) and semantic generalization (t(50) = 3.81, p < 0.01). We found no evidence for dif-
ferences between semantic and non-semantic generalization, either in the overall post-sensory
effect (t(50) = –0.26, p = .80) or at individual TRs. Within the non-sensory window, the small-
est uncorrected p-value occurred at TR 5 (t(50) = 1.98, p = .053). After correcting for multiple
comparisons, however, no time point reached significance (all p > .24).

Having established that visual replay occurs selectively for generalizable rewards, we next
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asked whether trial-by-trial fluctuations in replay on Day 1 predicted subsequent choices and
generalization. Averaging behavioral accuracy across the following five trials, replay strength
predicted better performance (β = −0.036, z = −2.38, p = .017). Replay strength did not
predict accuracy on the immediately following decision, however (mixed-effects model: β =

0.029, z = 1.03, p = .302). Given that participants first had to learn about the reward structure
before they could begin to generalize, we also tested whether generalization replay increased
in strength over time. This was indeed the case (main effect of block β = −0.001, z = −2.7,
p = 0.007, across semantic and non-semantic generalization), supporting the idea that the
detected visual replay reflects the learned cluster structure. We did not observe any difference
between semantic and non-semantic generalization in the increase over time (interaction of
block and condition in lme: β = 0.002, z = 1.59, p = 0.112).

Stronger replay for generalizable (unobserved but reward-related) sequences compared to
unrelated sequences, increase in selective replay over time, and a link to future performance
demonstrate that replay in visual cortex was not driven by recent stimulus exposure, but instead
reflected the reward learning based on participants’ knowledge of the task structure.

5.2.4 Non-local replay is linked to value reversals

Having established the selective and dynamic nature of visual replay, we sought to determine
which factors triggered it. Prior theoretical and empirical work has indicated that a main func-
tion of replay could be to facilitate value updating [Liu et al., 2021b, Schaul et al., 2015, Mattar
and Daw, 2018, Sinclair and Barense, 2019], and emphasized the effect of prediction errors,
which in our study occurred predominantly following reward reversals. Some work has empha-
sized the role of replay specifically in non-local value updating, which uses observed prediction
errors to update non-observed states to which values can be generalized [Liu et al., 2021b]. By
linking three video sequences to the same outcome on Day 1, our task encouraged fast value
generalization, such that replay would be expected following reversals from a non-local value
updating perspective.

Given that we found no evidence for replay in the non-generalization condition, we fo-
cused on modeling the average trial-wise slopes of the semantic and non-semantic replay mod-
els (averaged over all post-sensory TRs) as a function of period (5 trials following a rever-
sal, vs. stationary periods, see Methods) and replay condition (semantic vs. non-semantic).
Slopes were averaged within each trial across the TRs of the non-sensory period. This analysis
showed indeed that reversal periods were a significant predictor of replay (main effect period:
z = −5.218, p < 0.001; Fig. 5.5D). Model comparison to a baseline model without reversal
period also showed significantly improved model fit for the full model with a reversal factor
(likelihood-ratio test: χ2(2) = 19.18, p < .001).
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5.2.5 Neural replay aligns with latent cause inference dynamics

While the observation of reversal-triggered replay is interesting, reversals are an experimenter-
defined task aspect that participants can only infer indirectly. Hence, the link between task
period and replay falls short of providing a link between a genuine cognitive variable and
replay. We therefore used the latent cause models that were fitted to participant’s behavior and
extracted two cognitive variables of interest that could drive replay, with the goal of providing
a statistical model of learning-related trial-by-trial fluctuations in replay. We focused on two
main aspects of learning that have been proposed to play a role in replay: nonlocal learning
to attribute value to different causes [Mattar and Daw, 2018], and learning of the latent cause
structure itself [Sagiv et al., 2025]. To test these hypotheses, we used the model to estimate
the magnitude of value and structure learning occurring at each trial, and asked whether these
correlated with replay. While our model is agnostic to the actual process by which these aspects
of learning are implemented in the brain, it served as a way to statistically disambiguate our
alternative hypotheses.

We quantified the amount of non-local value change that occurred in each participant’s
model following each reward observation, i.e., how much the model updated the value estimate
of A after observing B and so forth (Fig. 5.5E). Contrasting the non-local value updates in our
model for reversal trials vs. stationary periods showed that in our model average non-local value
updates were larger during reversal periods than during stable periods (t(46) = 9.541, p < .001),
suggesting that this might be a plausible driver of replay. To quantify trial-wise structure learn-
ing, we examined how similar the model’s latent-cause probability distributions were across
sequences. For every sequence pair and each trial, we computed the Kullback–Leibler (KL)
divergence between their latent-cause distributions. Lower divergence indicates that the model
assigns similar latent-cause probabilities to both sequences, effectively mapping them onto the
same underlying structure. As shown in Fig. 5.5F, sequences that shared a reward exhibited
consistently lower divergence, whereas non-shared sequences showed higher divergence. To
align this measure with our trial-resolved value-update analysis, we derived the trial-by-trial
change in divergence, capturing how strongly the model updated its structural beliefs on each
trial. This trial-wise update served as a proxy for ongoing structure learning, in direct parallel
to the model’s non-local value updating.

Having computed these two scores, we asked to what extent they could explain trial-by-trial
replay fluctuations in the visual ROI (Fig. 5.5G). A linear mixed effects model that predicted
fluctuations in replay of each non-observed path after each trial showed that including the
non-local value change variable as a predictor improved model fit significantly over a baseline
model with only a factor for replay condition (AICs: -8375.9 vs. -8373.6; likelihood ratio
test value change variable and condition vs. condition only: χ2(2) = 6.39, p = 0.041). Note
that the metric we included from the LCI model made predictions not only about fluctuations
in overall replay strength, but included separate expectations for each arm, i.e. how strong
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replay of A* vs. B states was in a given trial, depending on the individual learning history
of a given participant up to the trial in question. Using a more generic model that predicted
the same replay strength for each arm did not reach statistical significance (likelihood ratio
test averaged value change variable and condition vs. condition only: χ2(2) = 5.488, p =

0.064). Including the model-derived measure of structure learning, in contrast, did not improve
model fit over the baseline condition-only model either (AIC -8373.6, likelihood ratio test:
χ2(2) = 3.999, p = 0.135). Thus, replay in our task seemed mainly related to non-local value
fluctuations, which we could predict in a trial and path specific manner from our model. Note
that non-local value fluctuations and reversals were correlated, and we did not find evidence
that the non-local value model performed better than a model that incorporated only reversal
period, i.e. adding non-local value change to a model that already included a regressor for task
period did not yield a significant improvement (AICs: -8377.8 vs. -8379.3, likelihood ratio
test: χ2(2) = 2.433, p = 0.296).

Lastly, we applied the same decoding and sequentiality analyses to classifier evidence from
an anatomically defined medial temporal lobe ROI (MTL; hippocampus, parahippocampal cor-
tex, and entorhinal cortex), motivated by the hippocampal system’s established role in replay
in rodents [Wilson and McNaughton, 1994, Skaggs and McNaughton, 1996, Ólafsdóttir et al.,
2018] and MEG evidence which appears to indirectly localize human replay signals to hip-
pocampal regions [e.g., Liu et al., 2019, 2021b]. Decoding in MTL was lower than in vi-
sual cortex, but remained reliably above chance (localizer peak true-class probability: 11.5%,
chance: 6.25%; t(49) = 22.57, p < .001; SI Fig. 5.13A). Classifiers also generalized to the
main task, showing above-chance evidence for presented stimuli during stimulus onset (7.66%,
t(50) = 13.35, p < .001; SI Fig. 5.13B). Importantly, prior work has demonstrated that sub-
second replay can be detected even under substantially reduced classifier accuracy and signal-
to-noise conditions, indicating that the comparatively weaker decoding in the MTL does not
per se preclude reliable identification of sequential reactivation (e.g., Fig. 5 in Wittkuhn and
Schuck 2021, SI in Schuck and Niv 2019).

The MTL showed small but consistent sequential replay effects relative to baseline for all
sequences, as reflected in a non-zero intercept (β = −0.002, z = −2.99, p = 0.003), and did
not appear to differentiate between sequence conditions (main effect condition: β = −0.001 for
all sequence conditions; see Fig. 5.5H). Replay in MTL appeared to covary with the strength of
visual replay, as evidenced by a mixed-effects model predicting visual replay from MTL replay
(β = 0.036, z = 2.998, p = 0.003), indicating cross-region coupling in replay. This coupling
was consistent across all conditions (all interaction terms with condition p > 0.2). MTL replay
did not show any of the modulation of reversal phases, non-local value updates, or relation to
structure learning that we observed in visual cortex. Hence, while MTL showed above chance
reactivation and correlated with visual replay, it seemed less structured.

To ensure the above results do not reflect inflated statistical baselines, we performed the
same analysis on a brain region where we did not expect replay to occur, the somatosensory
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cortex. No evidence of replay was observed during prolonged ISIs in this region (intercept: β =

0.000, SE = 0.001, z = 0.096, p = 0.923, 95% CI [−0.001, 0.001]; all condition effects p >

0.43, coefficients near zero; see Fig. 5.5H), ruling out the potential issue of an inflated chance
baseline that could have affected our results. Both the MTL and the visual ROI significantly
differed from this baseline (MTL: β = −0.003, z = −3.448, p = 0.001; visual: β = −0.006,
z = −7.879, p < 0.001).

Figure 5.5: Detecting and relating replay to value updating and structure learning (A) Regression slope
timecourses. Sensory sequences show forward then backward patterns during stimulus presentation. After the
sensory effect subsides (gray shaded area), reward-linked sequences (semantic, non-semantic) exhibit selective
backward replay, while unrelated sequences do not. (B) Zoomed regression slope timecourses during the non-
sensory period, highlighting distinct reactivation for semantic and non-semantic generalization. (C) Aggregated
regression slopes during the non-sensory period. Semantic (orange) and non-semantic (turquoise) sequences show
selective backward replay. Error bars show SEM. (D) Semantic generalization slopes split by reversal vs. non-
reversal trials. Stronger reactivation occurs following reversals, consistent with need for non-local value updating.
(E) Latent cause model–derived nonlocal value updating for unobserved options peaks around reward reversal
trials. The red line shows the mean trialwise change in unobserved sequence values, averaged across participants
with the same reward schedule. The predictor used in the linear mixed-effects model was computed at the subject,
trial, and sequence level, capturing the model-derived value update for each sequence (for example, the update to
B after observing A on that trial) and relating the magnitude of this update to the amount of reactivation evidence
observed for the corresponding sequence. (F) Latent cause model structure learning, quantified as the evolving
similarity between paths over time (symmetric KL divergence between their latent-cause probability distributions).
Paths that shared rewards showed increasing similarity (decreasing KL divergence), whereas non-shared paths
remained distinct. The corresponding predictor in the linear mixed-effects model was the trialwise change in
this KL divergence metric, capturing moment-to-moment updates in inferred task structure. (G) Trial-by-trial
updating of value predicts replay reactivation beyond a baseline model including only condition as a predictor.
(H) Aggregated regression slopes during the non-sensory period for MTL and somatosensory cortex. In the MTL,
all conditions show significant backward replay across sequences, albeit weaker than in visual cortex. In contrast,
the somatosensory cortex (control) shows no evidence of systematic replay for any condition.
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5.2.6 Replay adapts to changes in reward structure

Our results on Day 1 suggested that replay was more tightly coupled with non-local value
learning than structure learning. To assess the sensitivity of replay to structure and change
more directly, participants returned for a second session on the following day, during which we
manipulated their knowledge of the latent structure and the reward correlations, while keeping
all other task aspects identical. To ensure that all participants began Day 2 with the same
understanding of the structure learned on Day 1, we explicitly revealed which sequences shared
the same reward pairing at the end of Day 1. Before the structure was revealed, participants
completed a questionnaire indicating which sequences they believed shared a reward level (i.e.,
yielded a similar number of coins). Nearly half of the participants (49%) identified the correct
set of sequences immediately. After receiving a hint that three paths shared the same reward
level, an additional 37% selected the correct paths. The remaining 14% responded incorrectly
twice.

On Day 2, participants then began by completing two blocks of the task with the previously
revealed reward structure from Day 1. As expected, this led to near-ceiling performance in
reversal-locked trials (97%, ± 0.012; Fig. 5.6B, C, D), and reduced the previously observed
difference between semantic and non-semantic generalization (t(49) = 1.35, p = 0.18), sug-
gesting participants fully relied on the task structure. After block 2, participants were informed
that the underlying graph structure would change in the upcoming block. No information about
how it would change was provided, such that participants had to discover the new reward struc-
ture through experience. The main difference of the new structure was that the A∗ path was
now coupled with latent reward R2 instead of R1 (Fig. 5.6A). This meant that the A∗ path led
to the same outcomes as C, instead of sharing outcomes with A and B as before, and changed
the original generalization patterns in two ways: First, some of the generalizations participants
had learned on Day 1 were not valid anymore (e.g. A∗ ⇒B, A⇒A∗, henceforth No Gen (New),
dashed brown arrows in Fig. 5.6A); second, other generalizations that were invalid on Day
1 now became valid (A∗⇒C, C⇒A∗, henceforth Gen (New), green in Figs 5.6A, F–H). Our
main question was how this change in task structure led to adaptations in behavior and replay.
Specifically, we sought to compare generalization and non-generalization conditions that were
consistent with the task structure on Day 1 (Gen (old) and No Gen (old), respectively) with
those consistent with the new task structure (Gen(new) and NoGen(new)). After completing
the fourth block, the new structure was revealed to participants, allowing them to complete the
final block with explicit knowledge of the updated reward associations.

The structure change elicited a drop in accuracy, with some variability across participants
(Fig. 5.6C; paired t-test, block 2 vs. block 3: t(49) = 7.99, p < 0.001). Despite this disruption,
participants adapted quickly: performance remained well above chance throughout and im-
proved from 80.6% immediately after the change to 90.8% by the end of Day 2. The recovery
following the structure change indicates that the transient drop did not reflect increased diffi-
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culty of the new structure but instead participants’ relearning of the reward associations (effect
of block after the structure change in the LME: β = 0.051, z = 5.421, p < 0.001). Reversal-
trial performance closely mirrored this overall pattern: accuracy dropped from 95% to 83%
after the structure change (paired t-test, block 2 vs. block 3: t(49) = 3.22, p = 0.002). Par-
ticipants remained well above chance and showed a slight improvement across blocks, reach-
ing 88% reversal accuracy by block 5, although this increase was not statistically significant
(paired t-test, block 3 vs. block 5: t(49) = 1.30, p = 0.20). This pattern was also evident in
the reversal-locked recovery, showing the shallowest drop in the early phase before the struc-
ture change, a larger and slower recovery immediately afterward, and a return to early-phase
recovery levels once the new structure was revealed, albeit requiring one additional trial after
the reversal (Fig. 5.6E). The LCI model recapitulated the main features of structure relearning
on Day 2 (Fig. 5.6D). When participants encountered an unexpected sequence–reward pairing,
the resulting prediction error led the model to infer that a new latent-cause structure was re-
quired to account for the observations. This inference initiated the construction of a revised
latent structure and drove a gradual reorganization of value estimates around the newly inferred
reward-sharing configuration (see SI Fig. 5.9B). Mirroring human behavior, the model showed
a transient drop in predictive accuracy following the contingency change and provided a sub-
stantially better fit to Day 2 choices than the temporal-difference models (AICc: 39 vs. 70, 59,
and 57 for the TD, 1α, and 3α models, respectively).

We next analyzed replay in the visual ROI on Day 2. In the first step, we confirmed that
results during the early phase of Day 2, where the task structure was unchanged from Day 1,
mirrored those observed on Day 1. Indeed, we again found strong sensory-driven sequential
activation, and broadly comparable evidence for selective backward reactivation of reward-
sharing sequences in visual cortex: the non-semantic generalization model showed significant
negative coefficients (t(49) = −3.01, p = 0.016), and the semantic generalization effect re-
mained negative but did not reach significance (t(49) = −1.84, p = 0.071; note that only 2
blocks were included resulting in decreased power); the no-generalization sequence showed no
reliable effect (t(49) = 1.86, p = 0.071). Unexpectedly, we observed a significant positive
effect of the sensory sequence, consistent with forward sequentiality (t(49) = 2.54, p = 0.028;
see SI Fig. 5.14).

MTL results in this early phase were also similar to Day 1, showing backward reactivation
for all sequence conditions with comparable signal strength: sensory (t(49) = −3.26, p =

0.008), non-semantic generalization (t(49) = −2.08, p = 0.043), semantic generalization
(t(49) = −2.86, p = 0.008), and no-generalization (t(49) = −2.90, p = 0.008). As before,
somatosensory cortex showed no significant effects across conditions (all |t| ≤ 2.05, all p ≥
0.182).

Analyzing replay following the structure change, we observed that the required relearn-
ing elicited a targeted adaptation of replay. While replay of still-valid Gen(old) associations
(A → B) was predominantly backward as before (t(49) = −4.90, p < 0.001, dark green in
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Fig. 5.6F, G, H), we found evidence for above chance forward replay that reflected the newly
valid generalizations (Gen(new), light green A∗ → C, C → A∗, t(49) = 4.91, p < 0.001),
a finding that held when directly comparing the coefficients of the same condition before vs.
after structure change (t(49) = 2.28, p = 0.027; note that the regression coefficient was part
of the no-generalization condition (A∗ - C) in the early phase, which as we reported above,
had a small positive effect already before the structure change; our direct pre vs post compar-
ison accounts for this effect, however). This increase in replay contrasted with the continued
absence of replay in the NoGen(old) condition t(49) = −1.55, p = 0.16, as well as with no
evidence of replay for the now-obsolete A∗–A/B association (NoGen(new); t(49) = −1.76,
p = 0.14, dark brown). In sum, these changes suggest a dynamic adaptation of replay structure
that co-occurred with behavioral adaptation to changes in generalization structure.

In the MTL, the structure change did not induce a clear directional flip in replay. All
conditions showed evidence of backward sequentiality except the Gen(new), which did not
show reliable reactivation in either direction. Specifically, we observed significant negative
slopes for the sensory condition (t(49) = −3.11, p = 0.008), the Gen(old) condition (t(49) =
−2.46, p = 0.029), the No Gen(old) condition (t(49) = −2.32, p = 0.031), and the No
Gen(new) condition (t(49) = −3.47, p = 0.006), whereas the Gen(new) condition did not
reach significance (t(49) = −1.11, p = 0.272). As before, the somatosensory control region
did not reveal significant replay evidence in any condition (all |t| ≤ 1.89, all p ≥ 0.323).

To ask which factors could explain the replay we again extracted structure learning and
value updating metrics from the LCI model for Day 2. Consistent with the previous session, we
found no evidence that structure updating predicted replay beyond a baseline model including
condition only (AIC = −7871.5 vs. −7874.6; likelihood ratio test: χ2(2) = 4.956, p = 0.292).
Unlike on Day 1, reversal periods per se were not a significant predictor of replay (AIC =
−7873.0; likelihood ratio test: χ2(2) = 6.479, p = 0.166). Yet, value updating from the
LCI model continued to predict replay significantly (AIC = −7877.8; likelihood ratio test:
χ2(2) = 11.259, p = 0.024; see Fig. 5.6I). We did not find a reliable relationship between
replay strength and behavioral performance on Day 2, likely due to the limited number of trials
before the structure change and the shift in replay direction.
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Figure 5.6: Behavior, LCI, and replay on Day 2. (A) Updated replay and generalization structure following the
reassignment of path A* from R1 to R2. Some pre-existing relationships remain unchanged (e.g., generalization
across A and B, Gen old; no generalization between A and C, No Gen old), while others reorganize: the former
A–A* link becomes invalid (No Gen new) and a new A*–C link emerges (Gen new). (B) Example choice ratings
on Day 2, showing preference for R1 (solid blue) alongside the true reward values (dashed lines). The initial phase
follows the old structure, followed by a hidden structure change and a later explicit reveal (vertical dashed lines).
(C) Accuracy across MRI blocks on Day 2. Participants perform near ceiling early in the session, show a drop
after the hidden structure change, and then successfully relearn the updated structure. Day 1 performance (gray) is
shown for comparison. (D) Reversal trial accuracy on Day 2. Performance is close to ceiling before the structure
change, with a modest drop immediately afterward, indicating rapid adaptation. Day 1 reversal performance (gray)
is shown for reference. The LCI model (orange) captures this pattern, reorganizing its latent structure quickly
following the change. (E) Reversal recovery on Day 2, time-locked to reversal onset (trial 0). Early reversals
occur before the structure change, mid reversals occur after the change but before the reveal, and late reversals
occur after the reveal of the new structure. Recovery is fastest during the initial phase; performance after the
structure change is slightly reduced but remains above chance, and following the reveal, accuracy returns to near-
ceiling within two trials. Note the slight performance dip at trial –1, suggesting that some participants adjusted
to emerging reward-level changes before the reversal had fully occurred. (F) Regression slope timecourses on
Day 2, showing strong sensory-driven activation and updated replay patterns during the non-sensory period. (G)
Zoomed view of the non-sensory period. Sensory and both no-generalization conditions show no reactivation.
The old A–B generalization (Gen old) continues to produce robust backward replay, whereas the newly formed
A*–C generalization (Gen new) exhibits forward replay. (H) Aggregated regression slopes in the non-sensory
period. Both the old (A–B) and new (A*–C) generalization links show significant reactivation; the old link retains
backward replay, while the new link exhibits forward replay directionality. (I) Day 2 AIC analysis confirms that
trial-by-trial value updating continues to best predict replay reactivation, surpassing a model based on condition
alone.

5.2.7 Medial Temporal Lobe Representations Track Structure Learning
and Adaptation

Given that generalisation replay relied on structure knowledge, we asked where this task struc-
ture was neurally encoded. We hence tested whether visual and MTL representations encoded
the reward structure of the task and whether building these representations was associated with
replay. We used cross-validated representational dissimilarity matrices (RDMs) capturing the
Mahalanobis distances of fMRI activity patterns between all 16 stimuli for each phase (early,
late) of each day. The empirical RDMs were compared then to a model RDM that reflected
the expected similarities for brain regions that encoded shared reward contingencies, such that
stimuli that led to the same reward (A, A∗, B on Day 1) were assigned low dissimilarity, and
stimuli with different rewards (C vs. others) high dissimilarity (see Fig. 5.7A). To ensure speci-
ficity, we set up a number of control RDMs that captured higher similarity among items from
the same path (e.g. A1 and A2 are more similar than A1 and B2), similarity of items from the
same category, and items that appeared at the same sequence position (see Methods for details).
We then orthogonalized the shared reward model RDM with respect to all of these alternative
model RDMs, such that any effect could be uniquely attributed to learned task structure.

Given previous evidence [Behrens et al., 2018], we first hypothesized that MTL representa-
tions would increasingly align with the shared reward model during structure learning on Day 1,
remain high when participants began Day 2 with explicit structure knowledge, and decrease af-
ter the Day 2 structure change. A mixed-effects model with Day (Day 1, Day 2), phase (early,
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late), model RDM, and their interactions as predictors revealed the predicted three-way inter-
action (day × phase × model RDM: z = −2.81, p = 0.005), indicating that the relationship
between MTL representations and the reward structure changed dynamically across learning
and adaptation. Follow-up comparisons confirmed the hypothesized pattern. On Day 1, MTL
alignment with the shared reward structure increased from early (β = −0.001, z = −0.05,
p = 0.96) to late blocks (β = 0.054, z = 2.86, p = 0.004), paralleling behavioral acquisition
of the structure (Fig. 5.7B). On Day 2, alignment was already high in early blocks (β = 0.047,
z = 2.55, p = 0.011), reflecting explicit knowledge, but dropped to non-significant levels after
the structure change (β = −0.006, z = −0.29, p = 0.77), consistent with representational re-
organization during adaptation. Further splitting the empirical RDMs into individual sequence
pairs and testing late-early differences revealed small but consistent effects: The only nomi-
nally significant effect of similarity decreases on Day 2 was between A and A∗, i.e. precisely
the pair of arms that was changed (p = 0.112, t(45) = 2.14, p = 0.038). This effect, however,
did not survive multiple-comparisons correction (all pairs pFDR ≥ 0.40).

The same mixed effect model in the visual ROI showed a significant effect for the structure
model RDM (β = 1.346, z = 4.73, < 0.001). However, we found no significant interaction of
the model with task phase (early vs. late: (β = −0.206, z = −0.512, < 0.609) or day (β =

−0.116, z = −0.288, < 0.773) corresponding to the acquisition during day 1 or the adaptation
during day 2. We did not test alignment with the new structure on Day 2 because cross-validated
RDMs need to be estimated across blocks. The new structure was valid beginning with block
3, and revealed already after block 4. Hence, cross validation would be based on very little
data and would require combining one block with explicit knowledge and one with inferred
knowledge, resulting in insufficient power and limited interpretability. We found no significant
relationship between changes in representational similarity in MTL and visual or MTL replay
activity. Models predicting later similarity change from early replay, and models predicting
later replay from representational change, were both non-significant (all p > 0.18).
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Figure 5.7: MTL representations track and reorganize according to shared reward structure. (A) Model
representational dissimilarity matrix (RDM) encoding shared reward structure. Stimuli from sequences A, A*,
and B (leading to R1) are modeled as similar (dark blue), while comparisons to sequence C (leading to R2) are
modeled as dissimilar (light gray). The model was orthogonalized against within-sequence similarity, category
similarity, and sequence position to isolate reward structure specifically. (B) Regression coefficients showing
alignment between empirical MTL representations and the shared reward model across phases. During Day 1,
correlations increase from early to late blocks, indicating gradual acquisition of abstract reward structure. On Day
2, alignment is initially maintained but decreases after the structure change when A* switches from R1 to R2,
reflecting representational reorganization. Error bars denote 95% confidence intervals of the regression coefficient
estimates.

5.3 Discussion

Adaptive decision-making requires the ability to discover latent structure, generalize knowl-
edge to unobserved situations, and flexibly reorganize behavior when that structure changes.
Building on computational accounts in which latent-cause inference underlies the discovery of
hidden structure from experience [Gershman et al., 2010, Mirea et al., 2024], we apply this
framework to model how humans infer latent structure from trial-and-error feedback and use it
to flexibly generalize across shared rewards. We also report that the LCI model outperformed
classic reinforcement learning models and captured individual differences in structure learn-
ing. Neurally, we find evidence for ’non-local’ value propagation as previously reported with
MEG [Liu et al., 2021b], albeit we found it localized in visual cortex, rather than in MTL
as suggested by Liu et al. [2021b]. Another main novel observation is that replay deeply in-
teracts with latent cause inference, adjusting on a trial by trial basis which experiences are
replayed in proportion to the required non-local value updates implemented in a latent cause
inference process. Previous work on latent-cause inference has emphasized how experiences
separate into distinct latent causes when contingencies change. New latent causes are created
when prediction errors signal that the current generative model no longer explains observations,
leading to context-specific learning and the preservation of past associations [Gershman et al.,
2010]. This state-splitting mechanism accounts for phenomena such as renewal after extinction
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or context-dependent memory retrieval. In contrast, our approach highlights a complementary
functioning of latent-cause inference: generalization by assigning different observations to a
shared latent cause, similar to Mirea et al. [2024]. By mapping distinct experiences onto the
same underlying latent cause, the model determines when knowledge learned in one setting can
be transferred to another. Thus, rather than proliferating latent causes to explain differences,
our account relies on their shared use to integrate information across situations that share an
underlying relational structure. This emphasis on generalization links to other representation
learning frameworks supporting generalization. The successor representation (SR) [Dayan,
1993, Gershman, 2018, Momennejad et al., 2017, Kahn et al., 2025, Keck et al., 2025] encodes
predictive relations among states, forming a cached map of expected future state occupancies
that enables rapid reward revaluation but offers limited flexibility when transitions change (but
see Wittkuhn et al. [2025] and Sagiv et al. [2025] for evidence linking replay to SR learning and
re-learning). The linear reinforcement-learning framework and its default representation (DR)
[Piray and Daw, 2021] extend this idea to a stable, policy-independent predictive map that can
be reused across changing goals or environments without relearning transition dynamics. Both
SR and DR capture structure through prediction rather than inference: by encoding how states
unfold through learned transitions, they support generalization by leveraging predictive rela-
tions. In contrast, latent-cause inference generalizes by clustering observations under shared
hidden causes, allowing the agent to infer when superficially different experiences reflect the
same latent structure.

Neurally, we observed two key phenomena that provide insight into how latent structure
discovery and neural replay support flexible generalization. First, backward replay in visual
cortex selectively reinstated unobserved sequences that shared a latent reward, consistent with
a mechanism for non-local value updating [e.g. Liu et al., 2021b] and with the occurrence
of learning-related replay in visual cortex [Wittkuhn et al., 2025]. Second, representational
similarity analyses revealed that multivariate patterns in the MTL gradually aligned with the
abstract reward structure, reorganizing when contingencies changed on Day 2.

During the early sensory period, we observed a coactivation of semantically related reward-
sharing sequences, exceeding a baseline derived from the localizer and potentially facilitating
value transfer between associated items in line with previous results by Wimmer and Shohamy
[2012]. Following the sensory period after the sensory effect subsided reactivation in visual
cortex was selectively expressed for reward-associated sequences, ruling out visually driven or
nonspecific reactivation. Replay strength increased across Day 1 as participants discovered the
underlying structure, peaked after reward reversals, and predicted performance over a longer
behavioral horizon. Different previous accounts disagree about the extent to which replay
is hypothesized to support value vs. structure learning [Mattar and Daw, 2018, Sagiv et al.,
2025]. In the current study, trial-wise fluctuations in replay were best explained by non-local
value updates derived from the LCI model rather than by a structure-learning metric, indicating
a tight coupling between inferred latent structure and value propagation. Although negative
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results should be interpreted with caution — and the current study does not ideally distinguish
value from structure learning, which are largely driven by the same reversal events — the lack
of evidence for replay involvement in structure learning is striking.

The MTL showed a distinct pattern from visual cortex. While multivariate patterns in the
MTL dynamically tracked the reward structure, increasing alignment during Day 1 learning
and reorganizing after the Day 2 structure change, MTL replay itself was broad and lacked
the selectivity observed in visual areas. This contrasts with previous human replay research
utilizing MEG [e.g. Wimmer et al., 2023, Liu et al., 2019, Nour et al., 2021], where we observe
different signatures in cortical versus medial temporal regions. Previous simulations confirm
that replay can be detected despite reduced SNR [Wittkuhn and Schuck, 2021], and MRI stud-
ies have detected replay in the hippocampus [Schuck and Niv, 2019], further validating our
MTL findings. Moreover, correlation between visual cortex and MTL replay and the selective
presence of reactivation in MTL alongside the absence of replay in a somatosensory control re-
gion indicate that the broad MTL replay reflects genuine, albeit less targeted, reactivation. Two
interpretations, not mutually exclusive, could explain this regional difference. First, classifica-
tion in MTL was constrained by modest decoding accuracy, potentially limiting the granularity
with which sequence-specific replay can be resolved. Second, MTL replay may reflect more
global sampling, providing a structural scaffold over which selective cortical replay operates.
This interpretation aligns with Kurth-Nelson et al. [2016], who suggested that MEG-detected
replay is driven by sensory regions reflecting MTL-orchestrated reactivation. Under this view,
the MTL maintains the abstract task structure and drives the selective replay we observe in
cortex.

The structural reversal on Day 2 further revealed how replay tracks the evolving task struc-
ture. While backward replay along previously valid generalization links persisted, newly valid
links exhibited forward replay. Notably, value updating from our LCI model remained the
strongest predictor of replay during relearning. Whether this directional shift reflects replay
passively following an already updated representation or actively participating in structural re-
learning remains an open question.

Together, these findings indicate that latent-structure discovery and neural replay jointly
support flexible generalization. Latent causes organize experience into shared reward sources,
enabling rapid inference, while replay propagates value across this inferred structure to support
non-local generalization. Two key questions remain. First, our reversal manipulation closely
coupled structural inference with non-local value updating, making it difficult to isolate their
respective contributions. Future work should experimentally dissociate changes in latent struc-
ture from changes in value, and track how replay direction evolves as new structure is acquired
versus merely exploited. Second, the broad and relatively non-selective replay observed in the
MTL remains only partly understood. Clarifying whether this pattern reflects methodological
limits on decoding or a coordination signal that scaffolds more selective cortical replay will
be essential for understanding how replay and latent structure interact to enable rapid, flexible
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behavior beyond direct experience.

5.4 Methods

5.4.1 Participants

Fifty-two neurotypical participants (mean age = 27.4 years, SD = 5.6; 25 females) were re-
cruited from the participant database of the Max-Planck Institute for Human Cognitive and
Brain Sciences, Leipzig. All participants had no counter indications for MRI scanning, no
history of psychiatric conditions, normal or corrected-to-normal vision and provided written
informed consent before participation. The study was approved by the ethics committee at the
University of Leipzig (002/22-ek). One participant discontinued during the localizer task on
day 1 and was excluded entirely. Another participant did not complete day 2 due to illness, and
was therefore only included in day 1 analysis. Finally, 3 participants had incomplete scanning
blocks during day 1 due to technical malfunctions. In these cases we use all available data, i.e.
only excluded blocks were necessary. This resulted in 51 participants for day 1 analyses and
50 participants for day 2 analyses. Participants received C12 per hour (C96 total for 8 hours
across two 4-hour sessions) plus a performance-based bonus up to C34, calculated from points
collected during the main tasks and accuracy in localizer tasks.

5.4.2 Experimental Design

The experiment consisted of four fMRI sessions split across two consecutive days. Each day
began with a localizer session for classifier training (sessions 1 and 3; 70 minutes), followed
by the main task (session 2 and 4; 65 minutes). Both days included a break of approximately
20 minutes between sessions.

5.4.2.1 Sessions 1 and 3 - localizer

Session 1 (Day 1 Localizer): Participants viewed 17 stimuli in a pseudorandom order while
performing a 1-back task. Stimuli consisted of 1 reward image (treasure chest) and 16 unique
750ms video clips of everyday objects, including animals (giraffe, zebra), vehicles (sports car,
generic car), buildings (modern house, old house), and food items (raspberries, grapes). Videos
were selected to create clear categorical groupings, relevant for the main task, while maintain-
ing visual distinctiveness for classification. Stimuli were presented using PsychoPy (version
2022.2.4) and projected onto a screen visible via a mirror mounted on the head coil. Each stim-
ulus was presented 34 times across six blocks with balanced transitions (579 trials in total). The
mean inter stimulus interval was 3s sampled from a truncated exponential distribution ranging
from 2 to 7s. On occasional probe trials (30% of trials), participants had to identify the stimulus
shown immediately before the probe by a left or right button press. Three types of probe trials
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were included to ensure attentiveness: (1) the same stimulus and a foil, (2) a different exemplar
of the same object category (e.g., a different zebra) and a foil, and (3) two foils, requiring a
special button press (down) when neither matched the previously seen object. The maximum
response time was 2 seconds. This localizer session provided unbiased training data for the
multivariate classifiers. The two localizer sessions across Days 1 and 2 were identical in de-
sign. However, participants differed in their knowledge of the task. During the first localizer on
Day 1, participants were naive to both the upcoming main task and the latent reward structure.
On Day 2, participants again completed the same localizer, but now with full knowledge of the
latent structure and the associations among stimuli, although the structure knowledge was not
required to perform the localizer task.

5.4.2.2 Sessions 2 and 4 - main task

The main task involved four sequential “bandits” (A, A*, B, and C), each consisting of a fixed
sequence of four 750 ms video clips that culminated in a reward outcome. On Day 1, sequences
A, A*, and B were linked to a shared latent reward (R1), whereas sequence C was associated
with an independent reward (R2). Rewards were matched in accumulated value across all tri-
als. Observed rewards ranged between 0 and 100 and were stochastically sampled from the true
mean of R1 or R2 on each trial with a small standard deviation (SD = 2). Throughout the ses-
sion, true reward means were organized into stable phases punctuated by six reversals (15–20
trials apart). During reversals, mean rewards changed abruptly, typically passing through 1–2
transitional values before stabilizing at the new level. Each participant was assigned to one
of four reward schedules (different schedules each day) generated by counterbalancing (i) the
order of reward changes and (ii) which of the two latent reward timecourses was assigned to
R1 vs. R2. This ensured that group-level effects could be attributed to learning rather than
idiosyncratic reward trajectories. Although reversals of R1 and R2 sometimes co-occurred (see
Fig. 5.2A/B), reward time-courses were designed to also include phases in which one reward
changed while the other remained stable, as well as intervals of gradual drift and abrupt shifts
(average correlation between R1 and R2 time courses: r = -0.18). Assignment of video identi-
ties to sequence positions was randomized across schedules.

To provide an additional scaffold for structure learning, sequences A and A* also shared
semantic category membership at corresponding positions (e.g., both showing animals at po-
sition 1, houses at position 2, etc.; the category ordering varied across participants), thereby
creating a “semantic generalization" condition (shared reward and shared category), in addition
to “non-semantic generalization” (shared reward only). For example, A: giraffe → modern
house → raspberries → sports car; A*: zebra → old house → grapes → generic car. The first
day concluded with explicit instructions about the latent reward structure.

Day 1 main task (Session 2) comprised 120 trials arranged in 5 blocks, with each sequence
shown six times per block. Each trial consisted of a sequential presentation of four videos
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(750 ms each) followed by a reward image (750 ms) depicting coins and overlaid with the asso-
ciated numerical outcome. After observing each sequence and its outcome, participants made
preference judgments between two sequence elements (4 s response window). Participants were
instructed to choose the option they believed was associated with the more valuable reward at
that moment. Confidence was indicated on a 6-point scale, with extreme ratings (1 or 6) re-
flecting high confidence and values closer to the center indicating greater uncertainty. 100 such
judgments were collected over the session, always matching positions within the sequence; po-
sitions 2 and 3 were probed more frequently, with probe frequencies of 6, 45, 30, and 9 trials
for positions 1–4, respectively. Ten trials involved options that originated from the same reward
source and therefore lacked a correct choice under the initial structure (e.g., choices between
A and A*, which only acquired different values after the structure change). On these trials,
participants used the slider less decisively, showing more center-position ratings rather than
strong preferences at the extremes, as confirmed by a linear mixed-effects model predicting
ratings based on whether the probed options came from shared versus separate reward sources.
Five trials following each reward reversal served as critical tests of latent structure knowledge,
requiring participants to generalize value from an observed sequence to an unobserved one.
For example, after a reversal, the first four trials might only present sequences A and C, while
the preference judgments probe A* and B. On the fifth trial, either A* or B is shown and the
remaining unobserved option is probed. Successfully performing these trials therefore requires
inferring the relative value of unobserved sequences based on the most recent observed out-
come. Each day participants solved 6 reversals which were distributed across the 5 blocks,
with blocks 2 or 4 containing 2 reversals.

The reward schedules consisted of stable phases with small fluctuations, gradual drifts, and
occasional abrupt changes, creating instances in which reversal choices could be solved based
on reward memory. These trials still required adapting reward preferences (i.e., switching from
preferring R1 to R2 or vice versa) but could be guided by previously observed outcomes if
the drifting reward source had not yet changed substantially. For example, when the shared
reward R1 drifted gradually while R2 abruptly dropped from high to low, observing the new
R2 outcome together with one R1 branch provided sufficient information to infer the values
of the remaining (unprobed) R1 branches. In such cases, only minor value updating through
generalization was needed, allowing participants to rely on prior experience. When focusing on
trials that required updating reward preferences but could not be guided by previously observed
outcomes (e.g., when both rewards changed simultaneously), learning improvements from early
(Blocks 1–2) to late (Blocks 4–5) stages were comparable to those observed across all reversal
trials. The session concluded with explicit feedback about the latent reward structure.

On Day 2 main task (Session 4), participants first received a reminder of the latent re-
ward structure and completed a short behavioral training block outside the scanner to practice
reward-based generalization. Inside the scanner, Blocks 1–2 then assessed performance with
full structure knowledge. After Block 2, participants were informed that the underlying reward
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structure would change, but were not told how. In Blocks 3–4, the reward contingency of A*
switched from R1 to R2, requiring participants to update their generalization strategy. Before
Block 5, the new latent structure was explicitly revealed. This manipulation required partici-
pants to abandon previously learned semantic associations and base generalization exclusively
on the new reward contingencies. Inter-stimulus intervals (ISIs) were drawn from a truncated
exponential distribution (mean = 3 s, range 2–7 s). On a subset of trials, the ISI following re-
ward was prolonged by an additional 15 s (average 18 s total) before the preference judgment.
These prolonged ISIs occurred eight times per block (40 per session) and were concentrated
around reward reversals to provide periods without sensory input during which neural replay
was expected to support non-local value updating.

5.4.3 Behavioral Analysis

Performance was quantified using multiple metrics. Overall accuracy was defined as the per-
centage of trials in which participants selected the option leading to the higher reward. To
assess generalization after reversals, we analyzed the accuracy of post-reversal choices involv-
ing bandits whose outcomes had not yet been observed since the reversal (i.e., choices requiring
generalization from observed to unobserved sequences). Learning dynamics were further char-
acterized by computing trial-wise accuracy time-locked to reward reversals (Fig. 5.6E).

To examine the influence of category information, we analyzed how the category of the
observed sequence affected subsequent choices on reversal trials. Specifically, we compared
generalization performance for within-category generalization (e.g., A→A* or A*→A) versus
across-category generalization (e.g., B→A*/A or A*/A→B) to test whether semantic similarity
between observed and generalized sequences facilitated structure discovery (Fig. 5.2E).

Statistical analyses were conducted using linear mixed-effects models implemented in Python
3.11.7 using the package statsmodels (version 0.14.4). Models included a random intercept for
each participant and tested the fixed effects of interest. Statistical tests were done using scipy
(version 1.12.0). Reversal performance analyses (Fig. 5.2C, 5.6D) were corrected for multiple
comparisons using false discovery rate correction.

5.4.4 Latent Cause Inference Model

To formalize how participants discover and update latent task structure, we fitted a latent cause
inference (LCI) model [e.g. Gershman et al., 2010, Pisupati et al., 2024, Mirea et al., 2024,
Berwian et al., 2025] that assigned observations to latent causes using a Chinese Restaurant
Process (CRP) prior [Aldous, 2006]. The model assumed that the observed sequence–reward
pair (st, rt) on a given trial was generated by an unobserved latent cause with time varying
properties, zt. Each cause was characterized by (i) a categorical distribution over the four
sequences and (ii) a reward expectation. The model then used approximate Bayesian inference
to infer which cause had generated the observation, and updated the causes correspondingly.
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If participants made a choice between two stimuli, without observing any reward, the model
retrieved the associated reward expectations given the shown stimuli. The model involved
four mechanisms: (1) computation of a prior of latent causes, (2) computation of likelihoods
of observed stimuli and reward given each latent cause, (3) sequential Bayesian inference of
the posterior using particle filtering, (4) value estimation and decision making. These steps
are described in detail below. Model parameters were fitted for each subject by maximum
likelihood estimation as described below.

5.4.4.1 CRP Prior

The LCI model maintained a prior over latent causes zi given the previous latent causes in
all preceding trials. The main idea of the CRP prior we used here is that the probabilities of
existing causes were proportional to how often they had occurred in previous trials, while the
probability to generate new causes was governed by a concentration parameter α and decreased
over time:

P (zt = k | z1:t−1) =
nk

t− 1 + α
for existing k, P (zt = new) =

α

t− 1 + α
, (5.1)

We denote the latent causes on trial t by zt. Let k index an existing cause, with nk the number
of previous assignments to cause k. Thus, the CRP prior favors reusing existing causes in
proportion to how often they have been inferred before, while allowing occasional creation of
new causes controlled by the concentration parameter α.

5.4.4.2 Likelihoods

Categorical sequences

Each latent cause maintains a Dirichlet distribution that describes how probable each of the
four possible sequences is given each cause. Note that, for simplicity, we do not model the
semantic similarity between these sequences, and instead treat them as four distinct categorical
observations. At the beginning of the experiment we assume a flat Dirichlet with pseudo-counts
(1, 1, 1, 1). Let nk,s denote the number of times sequence s has been assigned to cause k. A
category-increment parameter η controls how strongly each observation updates the categorical
distribution:

ñk,s = η nk,s, Ñk =
∑
s

ñk,s. (5.2)

The categorical probability for existing causes is then

P (st = s | zt = k) =
ñk,s + 1

Ñk + 4
. (5.3)

For a newly created latent cause, we use the uniform categorical prior P (st = s | zt =
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new) = 1/4.

Rewards

Reward likelihood is a uniform–Gaussian mixture:

P (rt | zt = k) = h · U(0, 100) + (1− h) · N (µk, τ
2), (5.4)

with hazard rate h [e.g., Nassar et al., 2010]. The uniform component allows abrupt reward
changes to be incorporated without necessitating creation of new latent causes, preserving the
shared structure needed for value generalization. In the online update used here, µk is set to the
most recent reward assigned to cause k and a fixed τ 2 of 5 is used for existing causes; for a new
cause we use µ = 50 and a broader variance of 100.

5.4.4.3 Computing the Posterior and Particle Filtering

Because exact Bayesian inference of the posterior is non-tractable, we approximate inference
using a particle filtering approach. The above process of computing the prior and likelihoods
was repeated for each of 100 particles, on each trial [Sanborn et al., 2010]. This process in-
volved the following steps for every particle.

1. Compute the CRP prior over existing causes plus a potential new cause.

2. For each candidate cause, compute the likelihood combining categorical and reward
probabilities P (st | zt = k)P (rt | zt = k) (for potential new latent causes using uniform
sequence and broad reward likelihood)

3. Branch the particle for each candidate cause and assign the weight of each candidate
by prior×likelihood. This creates for each particle multiple candidates (one per existing
cause and an additional for a new cause).

4. Update the categorical and reward estimate of each candidate based on the current obser-
vation.

5. Normalize branch weights across the full candidate pool.

6. Resample back to 100 particles; weights are reset to uniform after resampling.

5.4.4.4 Calculating Value Estimates and Value-Based Decision-Making

After each observation, the particle filter expands and resamples the particle set. Each parti-
cle i ∈ {1, . . . ,M} maintains a set of currently instantiated latent causes Ki, each with an
associated reward mean µik and categorical counts over sequences. The categorical posterior-
predictive Pi(s | k) for each cause is defined as in the Categorical sequences section.
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For a queried sequence s, each particle forms a mixture over its own latent causes by nor-
malizing these categorical predictive probabilities:

wik(s) =
Pi(s | k)∑

j∈Ki
Pi(s | j)

(so
∑
k∈Ki

wik(s) = 1). (5.5)

The particle-level value of sequence s is then the expectation of the reward means under
these mixture weights:

Vi(s) =
∑
k∈Ki

wik(s)µik. (5.6)

Because particles are resampled and assigned equal weight after every trial, the model’s
predicted value is the simple average across particles:

V (s) =
1

M

M∑
i=1

Vi(s). (5.7)

Intuitively, each particle represents a distinct hypothesis about how observations cluster into
latent causes; V (s) averages these hypotheses to obtain the predicted expected reward for each
sequence which builds the basis for subsequent decision-making.

To produce binary choices between two sequences s1 and s2, the model first computes the
value of each sequence as described above, by averaging each particle’s reward expectation
weighted by its latent-cause mixture probabilities. These values V (s1) and V (s2) are then
transformed into choice probabilities using a softmax function with inverse-temperature pa-
rameter θ:

P (choose s1 over s2) =
exp

(
θ V (s1)

)
exp

(
θ V (s1)

)
+ exp

(
θ V (s2)

) . (5.8)

5.4.4.5 Parameter Estimation and Model Comparison

Participant-specific parameters were estimated for each day separately by maximizing the like-
lihood of observed choices using PyBADS [Acerbi and Ma, 2017]. The LCI model had the
following 4 free parameters and bounds:

• α ∈ [0, 1]: CRP concentration (new latent cause control)

• θ ∈ [0, 1]: softmax inverse-temperature (choice stochasticity)

• h ∈ [0, 1]: hazard rate (mixture of uniform and gaussian reward distribution)

• η ∈ [1, 10]: category increment (evidence weight per sequence observation)
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We used a structured multi-start (3 starts per parameter; 34 = 81 runs) and selected the best
log-likelihood. Model comparison used the corrected Akaike Information Criterion (AICc):

AICc = 2k + 2NLL +
2k(k + 1)

n− k − 1
, (5.9)

computed per participant.
To elucidate the potential computational functions of replay, we derived two trialwise met-

rics from the fitted latent cause inference (LCI) model. The first metric captured nonlocal value
updating, quantifying the extent to which observing a reward led to changes in the inferred
values of sequences that were not directly experienced on that trial. This measure was com-
puted on a sequence- and trial-specific level, allowing us to link replay-related neural activity
to the model’s propagation of reward information across related task elements (Fig. 5.5E). The
second metric reflected structure learning, tracking how the model inferred latent task structure
over time. For each trial, we obtained the probability distribution over latent causes for every
sequence and quantified their pairwise similarity by computing symmetric Kullback–Leibler
(KL) divergences between these distributions. Smaller KL divergences indicated increasing
overlap in latent-cause representations, reflecting convergence toward a shared structural un-
derstanding independent of reward (Fig. 5.5F). To match the trialwise dynamics of nonlocal
value change, we additionally computed the trialwise change in the KL divergence metric, pro-
viding a dynamic measure of structural updating across trials. To align model dynamics with
the experimental manipulation of task structure on Day 2, the model was initialized with two
latent causes, each assigned to the corresponding sequences with a pseudocount of 5. After
the first two blocks, the categorical likelihoods and priors were broadened by a fixed decay
parameter of 0.8 to simulate increasing uncertainty, and following block 4, the latent-cause
assignments were updated to reflect the new post-change reward structure. The resulting trial-
wise estimates of both nonlocal value updating and structure learning were used as predictors
in mixed-effects models linking behavior and replay (Fig. 5.5G).

5.4.4.6 Alternative Temporal Difference Learning Models

To dissociate flexible latent-structure learning from simpler accounts, we compared the LCI
model against temporal-difference (TD) models with and without hard-coded generalization.
All TD variants track a separate value V (s) for each sequence s ∈ {A,B,A∗, C} and update
the value of the experienced sequence st on trial t via a standard delta rule,

δt = rt − V (st), V (st)← V (st) + α δt, (5.10)

where rt is the observed reward and α a learning rate. In the no-generalization baseline, unvis-
ited sequences are never updated, preventing generalization and requiring values to be relearned
independently after reversals. In the hard-coded generalization variants, the same prediction
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error δt is also applied to predefined related sequences according to the task’s latent structure
(e.g., between A and A∗, and between A/A∗ and B). One variant uses a single learning rate α

for both direct and generalized updates, enforcing fixed-strength generalization from the out-
set. A second variant uses three separate learning rates αexp for direct experience, αsemantic for
generalization between A and A∗, and αnon−semantic for generalization between A/A∗ and B,
allowing graded influence along different generalization types. All TD models translate values
into choices using the same softmax choice rule and inverse-temperature θ used by the LCI
model. Critically, because their generalization structure is prespecified and static, these models
cannot discover latent structure, nor flexibly adapt their structure when reward contingencies
change (e.g., on Day 2).

5.4.5 MRI

5.4.5.1 MRI data acquisition and preprocessing

MRI data were acquired using a 32-channel head coil on a 3T Siemens Magnetom Prisma Fit
system. Functional MRI (fMRI) scans were collected in a transverse orientation using T2*-
weighted gradient-echo echo-planar imaging (GE-EPI) with multiband acceleration, sensitive
to BOLD contrast. This sequence achieves high temporal resolution while maintaining good
spatial coverage and resolution. We acquired 72 transverse slices with a thickness of 2 mm
and an in-plane resolution of 2 × 2 mm. Imaging parameters included a multiband acceleration
factor of four, a repetition time (TR) of 1.5 seconds, and an echo time (TE) of 24.2 ms. The
field of view (FoV) was 204 mm in both read and phase directions, and slices were collected
in an interleaved order. Fat saturation was applied, and the flip angle was set to 70°. The first
five volumes of each block were discarded to allow for scanner equilibration. Additionally,
each day a high-resolution T1-weighted anatomical scan (1 × 1 × 1 mm) was acquired for
spatial normalization and coregistration. To correct for susceptibility-induced distortions, we
collected field maps using spin-echo EPI sequences with opposing phase encoding polarities
(anterior-posterior and posterior-anterior), which were used for distortion correction. All fMRI
preprocessing steps were performed using fMRIPrep.

Results included in this manuscript come from preprocessing performed using fMRIPrep

23.1.4 (Esteban et al. [2019]; RRID:SCR_016216), which is based on Nipype 1.8.6 (Gor-
golewski et al. [2011]; Gorgolewski et al. [2018]; RRID:SCR_002502).

Preprocessing of B0 inhomogeneity mappings A total of 6 fieldmaps were found available
within the input BIDS structure for this particular subject. A B0-nonuniformity map (or
fieldmap) was estimated based on two (or more) echo-planar imaging (EPI) references
with topup (Andersson et al. [2003]; FSL None).

Anatomical data preprocessing A total of 2 T1-weighted (T1w) images were found within
the input BIDS dataset. All of them were corrected for intensity non-uniformity (INU)
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with N4BiasFieldCorrection [Tustison et al., 2010], distributed with ANTs (ver-
sion unknown) [Avants et al., 2008, RRID:SCR_004757]. The T1w-reference was then
skull-stripped with a Nipype implementation of the antsBrainExtraction.shwork-
flow (from ANTs), using OASIS30ANTs as target template. Brain tissue segmentation
of cerebrospinal fluid (CSF), white-matter (WM) and gray-matter (GM) was performed
on the brain-extracted T1w using fast [FSL (version unknown), RRID:SCR_002823,
Zhang et al., 2001]. An anatomical T1w-reference map was computed after registration
of 2 T1w images (after INU-correction) using mri_robust_template [FreeSurfer
7.3.2, Reuter et al., 2010]. Brain surfaces were reconstructed using recon-all [FreeSurfer
7.3.2, RRID:SCR_001847, Dale et al., 1999], and the brain mask estimated previously
was refined with a custom variation of the method to reconcile ANTs-derived and FreeSurfer-
derived segmentations of the cortical gray-matter of Mindboggle [RRID:SCR_002438,
Klein et al., 2017]. Volume-based spatial normalization to two standard spaces (MNI152NLin6Asym,
MNI152NLin2009cAsym) was performed through nonlinear registration with antsRegistration
(ANTs (version unknown)), using brain-extracted versions of both T1w reference and the
T1w template. The following templates were selected for spatial normalization and ac-
cessed with TemplateFlow [23.0.0, Ciric et al., 2022]: FSL’s MNI ICBM 152 non-linear

6th Generation Asymmetric Average Brain Stereotaxic Registration Model [Evans et al.
[2012], RRID:SCR_002823; TemplateFlow ID: MNI152NLin6Asym], ICBM 152 Non-

linear Asymmetrical template version 2009c [Fonov et al. [2009], RRID:SCR_008796;
TemplateFlow ID: MNI152NLin2009cAsym].

Functional data preprocessing For each of the 30 BOLD runs found per subject (across all
tasks and sessions), the following preprocessing was performed. First, a reference vol-
ume and its skull-stripped version were generated using a custom methodology of fM-

RIPrep. Head-motion parameters with respect to the BOLD reference (transformation
matrices, and six corresponding rotation and translation parameters) are estimated before
any spatiotemporal filtering using mcflirt [FSL , Jenkinson et al., 2002]. The esti-
mated fieldmap was then aligned with rigid-registration to the target EPI (echo-planar
imaging) reference run. The field coefficients were mapped on to the reference EPI using
the transform. BOLD runs were slice-time corrected to 0.699s (0.5 of slice acquisition
range 0s-1.4s) using 3dTshift from AFNI [Cox and Hyde, 1997, RRID:SCR_005927].
The BOLD reference was then co-registered to the T1w reference using bbregister
(FreeSurfer) which implements boundary-based registration [Greve and Fischl, 2009].
Co-registration was configured with six degrees of freedom. Several confounding time-
series were calculated based on the preprocessed BOLD: framewise displacement (FD),
DVARS and three region-wise global signals. FD was computed using two formulations
following Power (absolute sum of relative motions, Power et al. [2014]) and Jenkinson
(relative root mean square displacement between affines, Jenkinson et al. [2002]). FD
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and DVARS are calculated for each functional run, both using their implementations in
Nipype [following the definitions by Power et al., 2014]. The three global signals are ex-
tracted within the CSF, the WM, and the whole-brain masks. Additionally, a set of phys-
iological regressors were extracted to allow for component-based noise correction [Com-

pCor, Behzadi et al., 2007]. Principal components are estimated after high-pass filtering
the preprocessed BOLD time-series (using a discrete cosine filter with 128s cut-off) for
the two CompCor variants: temporal (tCompCor) and anatomical (aCompCor). tCom-
pCor components are then calculated from the top 2% variable voxels within the brain
mask. For aCompCor, three probabilistic masks (CSF, WM and combined CSF+WM) are
generated in anatomical space. The implementation differs from that of Behzadi et al. in
that instead of eroding the masks by 2 pixels on BOLD space, a mask of pixels that likely
contain a volume fraction of GM is subtracted from the aCompCor masks. This mask
is obtained by dilating a GM mask extracted from the FreeSurfer’s aseg segmentation,
and it ensures components are not extracted from voxels containing a minimal fraction of
GM. Finally, these masks are resampled into BOLD space and binarized by thresholding
at 0.99 (as in the original implementation). Components are also calculated separately
within the WM and CSF masks. For each CompCor decomposition, the k components
with the largest singular values are retained, such that the retained components’ time se-
ries are sufficient to explain 50 percent of variance across the nuisance mask (CSF, WM,
combined, or temporal). The remaining components are dropped from consideration.
The head-motion estimates calculated in the correction step were also placed within the
corresponding confounds file. The confound time series derived from head motion esti-
mates and global signals were expanded with the inclusion of temporal derivatives and
quadratic terms for each [Satterthwaite et al., 2013]. Frames that exceeded a threshold of
0.5 mm FD or 1.5 standardized DVARS were annotated as motion outliers. Additional
nuisance timeseries are calculated by means of principal components analysis of the sig-
nal found within a thin band (crown) of voxels around the edge of the brain, as proposed
by [Patriat et al., 2017]. The BOLD time-series were resampled into standard space, gen-
erating a preprocessed BOLD run in MNI152NLin6Asym space. First, a reference volume
and its skull-stripped version were generated using a custom methodology of fMRIPrep.
The BOLD time-series were resampled onto the following surfaces (FreeSurfer recon-
struction nomenclature): fsnative, fsaverage. All resamplings can be performed with
a single interpolation step by composing all the pertinent transformations (i.e. head-
motion transform matrices, susceptibility distortion correction when available, and co-
registrations to anatomical and output spaces). Gridded (volumetric) resamplings were
performed using antsApplyTransforms (ANTs), configured with Lanczos interpo-
lation to minimize the smoothing effects of other kernels [Lanczos, 1964]. Non-gridded
(surface) resamplings were performed using mri_vol2surf (FreeSurfer).
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Many internal operations of fMRIPrep use Nilearn 0.10.1 [Abraham et al., 2014, RRID:SCR_001362],
mostly within the functional processing workflow. For more details of the pipeline, see the sec-
tion corresponding to workflows in fMRIPrep’s documentation.

5.4.5.2 Copyright Waiver

The above boilerplate text was automatically generated by fMRIPrep with the express intention
that users should copy and paste this text into their manuscripts unchanged. It is released under
the CC0 license.

5.4.5.3 Multivariate Pattern Analysis for Replay Detection

We trained multivariate pattern classifiers to decode individual stimulus representations from
fMRI activity patterns, following established methods for detecting fast sequential reactiva-
tion [Schuck and Niv, 2019, Wittkuhn and Schuck, 2021, Wittkuhn et al., 2025]. Classifiers
were optimized and trained exclusively on task-independent localizer data (Sessions 1 and 3),
where all 16 video stimuli were presented with balanced frequencies and transitions. Follow-
ing Wittkuhn and Schuck [2021], participant-specific anatomical ROIs were defined on the
cortical surface using FreeSurfer’s automated parcellation of individual T1-weighted reference
images obtained during fMRIPrep preprocessing [Dale et al., 1999]. The occipito-temporal
ROI included the cuneus (1005/2005), lateral occipital sulcus (1011/2011), pericalcarine gyrus
(1021/2021), superior parietal lobule (1029/2029), lingual gyrus (1013/2013), inferior parietal
lobule (1008/2008), fusiform gyrus (1007/2007), inferior temporal gyrus (1009/2009), parahip-
pocampal gyrus (1016/2016), and middle temporal gyrus (1015/2015). The medial temporal
lobe ROI comprised the hippocampus (17/53), parahippocampal gyrus (1016/2016), and en-
torhinal cortex (1006/2006). As a control ROI, we included primary somatosensory cortex,
defined as the postcentral gyrus (1022/2022).

Within each anatomical ROI, voxel selection and classifier hyperparameters were optimized
using a nested cross-validation procedure. Voxel selection was based on two criteria: activation
strength and reliability. First, we quantified activation strength as the mean BOLD signal inten-
sity across the entire time course, excluding voxels with poor signal quality or signal dropout.

Second, voxel reliability was assessed using a split-half correlation approach [Tarhan and
Konkle, 2020]. Beta estimates were derived from a run-wise first-level GLM implemented in
Nilearn (SPM canonical HRF; cosine drift model; high-pass filter = 1/128 Hz; voxel-wise stan-
dardization; version 0.10.3). For each run, the design matrix included onsets and durations for
all 16 video stimuli (modeled as 0.75 s events) and, when present, a 2 s probe condition. Nui-
sance regressors were added per run and comprised the global signal, framewise displacement,
six motion parameters and their temporal derivatives (12 total), and six anatomical CompCor
components (aCompCor00–05). Voxel reliability was then computed by correlating beta re-
sponse profiles between odd (runs 1/3/5) and even (runs 2/4/6) localizer runs. For each voxel,
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condition-wise beta maps were averaged within odd and even sets to yield paired response
profiles across all regressors of interest. Pearson correlations between these profiles produced
voxel-wise reliability maps and allowed the selection of the reliable subset of voxels for subse-
quent analyses.

Activation and reliability thresholds were determined within the nested cross-validation and
applied iteratively to identify the combination yielding optimal classification performance. In
visual cortex, best performance was achieved when selecting the 50% most active and 70%
most reliable voxels, using training data combined across both localizer sessions (Sessions 1
and 3). In contrast, for the MTL, optimal performance was obtained with more restrictive
thresholds, selecting the 30% most active and 30% most reliable voxels. Notably, training the
MTL classifier across both sessions decreased performance relative to session-specific training.
Thus, for subsequent main-task analyses and replay detection, the MTL classifier was trained
on Session 1 only. We implemented one-versus-rest logistic regression classifiers with L2
regularization, chosen for their efficiency with high-dimensional data and probabilistic outputs
necessary for replay detection. Inside the nested cross-validation, we additionally optimized
spatial smoothing, where best cross-validated classification was obtained with 4mm FWHM
spatial smoothing for all regions. We further applied temporal smoothing: For each stimulus,
we extracted classifier training data from the TR closest to 5s post-stimulus onset and the
preceding TR in the visual cortex. For the MTL, we obtained best classification smoothing
over the pre- and succeeding TR (i.e. averaging over TRs 4-6), maximizing signal-to-noise ratio
while capturing peak BOLD response. To assess classifier validity, we first examined potential
confusions between stimuli. Classifiers assigned only marginally higher probabilities to stimuli
within the same category compared to other stimuli, indicating little to no category-level bias
(see confusion matrix, Fig. 5.4A). We then validated performance during sequence observation
in the main task, where classifiers successfully decoded all 16 stimuli with distinct probability
peaks aligned to stimulus presentation times (Fig. 5.4C). One classifier corresponding to a
house stimulus was excluded from subsequent replay analyses. During reward presentation (the
treasure chest), which was not included in sequence modeling, this classifier showed increased
decoding probabilities, suggesting a reward-evoked modulation of its time course that could
otherwise be confounded with replay-related reactivation.

5.4.5.4 Sequential Replay Detection

We applied the sequential slope ordering analysis (SODA) from Wittkuhn and Schuck [2021],
Wittkuhn et al. [2025] to detect sequential reactivation of stimulus representations during ex-
tended rest periods. SODA leverages the temporal dynamics of overlapping hemodynamic
responses: when a neural sequence is rapidly replayed, each element evokes a hemodynamic
response offset in time. Due to the sluggish nature of the BOLD signal, these overlapping re-
sponses create characteristic temporal patterns in classifier probability time courses. The key
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insight behind SODA is that probabilistic classifiers applied to overlapping BOLD activity pro-
duce systematic fluctuations that preserve information about sequential order. To evaluate the
proposed sequentiality for every TR the proposed ordering is regressed onto the probability
estimates. If stimuli are replayed in the order S1 → S2 → S3 → S4, the resulting classifier
probabilities will show ordered dynamics: initially, earlier items (e.g., S1) will have higher
probabilities than later items (e.g., S4), creating a forward-ordered pattern. As the hemody-
namic responses evolve, this pattern reverses, with later items showing higher probabilities, a
backward-ordered pattern.

To test whether such ordering exists, we inserted eight extended 18-second intervals per
block (40 per session), during which participants viewed only a fixation cross. These 18-second
pauses occurred immediately following reward presentation, i.e. before decision prompts and
concentrated around reward reversals when non-local updating is critical. We then applied
trained classifiers for all 16 stimulus categories to every TR within these intervals, such as
to observe spontaneous reactivation without external input during these time windows. To
test for sequential reactivation, we categorized potential replay based on relationships to the
just-observed sequence into four possible sequential (re)activation events, as described in the
main text: Sensory sequential activation, replay that reflects semantic generalization, replay
that reflects non-semantic generalization and replay of sequences to which reward information
could not be generalized.

For each category and TR, we quantified sequentiality by regressing sequence position
(1–4) against classifier probabilities for the four stimuli comprising that sequence. The re-
sulting regression coefficient reflects both the strength and direction of sequential ordering. To
distinguish stimulus-driven responses from post-sensory reactivation, we modelled the full sen-
sory response and defined the transition point following the full forward and backward phases
of the sequentiality signal as the boundary between “sensory” and “non-sensory” phases. At
this point, classifier probabilities for the just presented (sensory) stimuli returned to chance
level, and regression coefficients of the sequentiality metric are back at 0. All subsequent ef-
fects in the non-sensory phase therefore cannot be attributed to ongoing sensory input and are
interpreted as reflecting internally generated sequence reactivation. All analyses focused on
full four-item sequences rather than pairwise transitions, differing from alternative approaches
focusing on pairwise transitions [Liu et al., 2021a].

5.4.5.5 Representational similarity analysis

We employed representational similarity analysis (RSA) [Kriegeskorte et al., 2008] to examine
how neural representations of the 16 task stimuli reorganized to reflect the underlying reward
structure during learning and adaptation. RSA quantifies the similarity structure of neural pat-
terns by computing pairwise distances between all conditions, resulting in a representational
dissimilarity matrix (RDM). By comparing empirical RDMs to theoretical model RDMs, we
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can test specific hypotheses about how information is organized. We constructed a binary
model RDM encoding the shared reward structure, where stimuli leading to the same reward
show low dissimilarity while those with different rewards show high dissimilarity. Specifically,
the model RDM contained:

• Low dissimilarity (0) for stimulus pairs sharing rewards: A-B, A-A*, B-A*, and similar-
ities within sequences

• High dissimilarity (1) for stimulus pairs with different rewards: all comparisons between
{A, B, A*} and C

To account for potential confounds, we constructed control RDMs encoding alternative
organizational principles: within-sequence similarity (e.g., elements within the A sequence),
categorical similarity, and sequential position (all first elements across sequences). The shared
reward model was orthogonalized with respect to these control models to ensure effects were
specifically driven by reward structure rather than perceptual or sequential factors.

To obtain the empirical RDM, we estimated stimulus-evoked BOLD responses using mass-
univariate GLMs implemented in Nilearn. Each of the 5 functional runs per main task session
was modeled independently using a standard GLM approach with canonical SPM hemody-
namic response function, AR(1) noise model, 4 mm FWHM spatial smoothing, and high-pass
filtering (128 s cutoff).

Design matrices included 18 stimulus regressors (one per video stimulus, plus choice and
sequence-onset events) convolved with the HRF, and 14 nuisance regressors (global signal,
framewise displacement, 6 motion parameters, 6 anatomical CompCor components). Stimuli
were modeled as 750 ms events at presentation onset; choice periods used actual reaction times
as durations.

For each stimulus, we computed t-statistics contrasting stimulus-specific activation against
baseline, yielding 16 t-maps per run. Following the GLM, we computed empirical RDMs based
on the multivariate noise-normalized cross-validated Mahalanobis distance [Walther et al.,
2016] as implemented in the PyRSA toolbox (https://github.com/Charestlab/pyrsa) [Nili et al.,
2014]. We estimated the empirical RDM for each experimental phase (early blocks (1&2) and
late blocks (4&5) of each day), resulting in a total of 4 empirical RDMs (early and late for
each day). This approach allowed to balance stable parameter estimates using cross-validation,
while still resolving the temporal dynamics unfolding over the course of the task, capturing the
initial learning phase during day 1 followed by the relearning on the second day.

Based on prior literature, we focused on the MTL as a region often associated with repre-
senting abstract task structure. ROIs were defined using the same Freesurfer approach described
in the replay section, combined with the activation and reliability thresholds. To test our hy-
pothesis of dynamic structure learning, we employed a linear mixed-effects model testing the
three-way interaction:
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Empirical RDM ∼ Model RDM× Day× Phase + (1|Subject) (5.11)

This interaction tests whether representational alignment with the task structure increases
from early to late on Day 1 (structure learning) and decreases from early to late on Day 2
(adaptation to structure change)
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5.5 Supplementary Information

Remaining behavioral schedules

Figure 5.8: Choice ratings and reward schedules across days. Left column: the three remaining reward sched-
ules for Day 1, showing trial-wise choice preference (solid blue) alongside the true reward means for R1 and R2
(dashed lines). Right column: the corresponding schedules for Day 2, including the hidden structure change and
subsequent explicit reveal.
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Latent cause inference model

Figure 5.9: LCI model comparison, latent-cause value trajectories, and reversal adaptation (A) AICc scores
for all models on Day 1 and Day 2. Across both days, the latent cause inference (LCI) model provides the best fit
to participants’ choices, outperforming both non-generalizing temporal-difference (TD) learning and TD models
with hard-coded generalization (Gen 1α, Gen 3α). Dots show individual participants; bars show group means. (B)
Example trial-wise value estimates generated by the LCI model. On Day 1, the model converges onto the shared
reward structure linking A, A*, and B, while treating C as independent. On Day 2, value estimates reorganize
when A* switches reward sources (red line), and stabilize once the new structure is explicitly revealed (green
line). Grey traces display the true underlying reward means; colored traces show the model-inferred values. (C)
Reversal behavior of the LCI model. The model captures the sharp drop in accuracy at reversals (trial 0) and the
subsequent recovery. Recovery accelerates from early to late blocks on Day 1 as structure knowledge improves,
and remains robust on Day 2 despite the hidden structure change.
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Localizer task session 1 and 3 and stimuli

Figure 5.10: Localizer task (sessions 1 and 3). (A) Trial structure during non-probe trials (70%). Each image
was displayed for 750 ms, separated by a mean inter-stimulus interval of 3 s (range: 2–7 s). (B) On probe trials
(30%), one of three probe types followed the stimulus. (C) Probe types required indicating whether: the same
exemplar reappeared (same image), a different exemplar from the same category appeared (different image), or
neither image matched the preceding stimulus (double foil; correct down-arrow response). Participants had up to
2 s to respond, after which accuracy feedback was shown for the remainder of the interval.
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Figure 5.11: Stimulus set. Example stimuli used in the experiment. The shared-category items consisted of two
exemplars each from four categories: cars, houses, animals, and fruits. All original images were sourced from the
free stock image database Pexels. One stimulus depicting a human was replaced with a schematic human icon to
comply with privacy and identifiability restrictions.
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Decoding performance

Figure 5.12: Classifier transfer from localizer to main task. Time-resolved classifier outputs (in TRs) for
each of the 16 stimuli, decoded from main task data using the localizer-trained classifier. For each stimulus,
the corresponding class (blue) exhibits a strong, stimulus-locked probability increase, while nonmatching classes
(grey) remain low. This pattern demonstrates robust stimulus-specific decoding and successful transfer of the
classifier from the localizer scans to the main task.
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Figure 5.13: Decoding for medial temporal lobe. (A) Confusion matrix for all 16 stimuli decoded within the
medial temporal lobe ROI. A clear diagonal indicates successful stimulus-level decoding despite overall lower
decoding accuracy in this region. Off-diagonal structure shows some degree of category-level confusion, yet the
dominant diagonal pattern confirms that stimulus-specific information is still reliably recovered. (B) Classifier
transfer to the main task: classifier probabilities show a peak following stimulus presentation for shown items
(blue) but not non-shown items (gray).

Replay results day 2 visual cortex before structural change

Figure 5.14: Replay evidence in visual cortex on Day 2 before the structural change. (A–B) Regression
timecourses timelocked to ISI onset show replay dynamics during the sensory and non-sensory periods. The
pattern closely resembles Day 1 (Fig. 5.5 in the main text): during the sensory period, activity tracks the currently
observed stimulus, and during the subsequent non-sensory period, the reward-linked sequences are reactivated.
(C) Aggregated regression slopes from the non-sensory period reproduce the main characteristics observed on
Day 1. Statistical testing here is based only on the first two blocks of Day 2 (i.e., before the hidden structure
change) and is therefore less powered, but the overall replay profile remains consistent with the main-text results.
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Chapter 6

Decoding sleep’s role in memory
transformation: Sleep-dependent
reorganization of sequential replay during
retrieval

Fabian M. Renz, Marit Petzka, Elsa Kolbe, Christian F. Doeller, Nicolas W. Schuck

In preparation.

6.1 Introduction

Sleep actively transforms memory. An early and influential account held that sleep benefits
memory primarily through passive protection from retroactive interference. Wakefulness con-
tinually exposes recently encoded traces to new, partially overlapping experiences that can
overwrite or disrupt them, whereas sleep reduces this exposure and thereby preserves memories
that would otherwise decay through interference [Jenkins and Dallenbach, 1924, Diekelmann
and Born, 2010]. On this view, the mnemonic benefit of sleep follows from the absence of
interfering input, rather than from any process sleep actively performs. Behavioural evidence
has since shifted the field toward a more active view: memories consolidated across sleep are
not merely preserved but rendered more resistant to subsequent interference [Ellenbogen et al.,
2006, 2009], and lesion and imaging work indicates that their dependence on the hippocampus
declines over time as neocortical representations become sufficient to support retrieval [Fran-
kland and Bontempi, 2005]. Together these findings suggest that sleep promotes the gradual
redistribution of memories from hippocampal to neocortical networks, a process during which
their representational content is reorganized [Diekelmann and Born, 2010, Rasch and Born,
2013, Klinzing et al., 2019, Lutz et al., 2026]. The complementary learning systems (CLS)
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framework provides the theoretical foundation for this view. Connectionist networks trained se-
quentially on overlapping material catastrophically overwrite earlier learning [McCloskey and
Cohen, 1989, French, 1999], and McClelland, McNaughton, and O’Reilly turned this failure
into a functional argument: a single system cannot simultaneously support rapid encoding of
arbitrary new experiences and slow extraction of statistical structure across experiences without
one disrupting the other [McClelland et al., 1995]. The brain is proposed to resolve this ten-
sion through two specialised systems: 1) a fast, pattern-separated encoding in the hippocampus
and 2) a slow, statistical learning in the neocortex, coupled by offline reactivation that inter-
leaves new information with existing cortical knowledge [McClelland et al., 1995, Kumaran
et al., 2016]. The transfer of information between these systems should therefore not merely
relocate memories but change what they represent, shifting from detailed episodic traces to-
ward more abstract, schema-integrated formats [Frankland and Bontempi, 2005, Brodt et al.,
2023]. Neural replay during sleep is the leading candidate mechanism for this transfer: hip-
pocampal sharp-wave ripple-associated reactivation is causally required for the consolidation
of hippocampus-dependent memory [Girardeau et al., 2009], and its coordination with neocor-
tical slow oscillations and thalamocortical sleep spindles provides the temporal scaffolding for
hippocampal-to-cortical communication [Born et al., 2006, Klinzing et al., 2019].

Substantial evidence supports the anatomical prediction that retrieval shifts from hippocam-
pal to cortical dependence over time [Gais et al., 2007, Takashima et al., 2009, Brodt et al.,
2018, Ko et al., 2025], and multivariate neuroimaging studies have begun to show that con-
solidated memories come to reflect shared structure across related experiences [Tompary and
Davachi, 2017, 2024]. However, this work has focused almost exclusively on simple asso-
ciative memories such as word pairs, object-location bindings, or category exemplars. How
consolidation transforms more complex, hierarchically structured memories remains largely
unknown.

This gap is significant because the episodes we encode in daily life are rarely isolated as-
sociations. They are embedded within nested contexts that organize experience at multiple
scales. A typical workday, for example, unfolds within a particular city and building, com-
prises a series of distinct events (a morning meeting, a conversation in the hallway, lunch at a
nearby café), each with its own ordered sequence of people, objects, and actions. Memory for
such episodes therefore requires representing information at multiple levels simultaneously:
the specific details of individual events, the temporal order in which they occurred, and the
higher-order contextual structure that binds them together. Hierarchical organization of this
kind is not a special case but a pervasive feature of naturalistic experience [Zacks and Swallow,
2007].

This hierarchical structure is of particular interest for theories of consolidation because
it places differential demands on the two memory systems posited by the CLS framework.
Encoding fine-grained sequential detail, such as the specific order of items within an event,
requires the kind of pattern-separated, high-fidelity representations attributed to the hippocam-
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pus. Extracting higher-order regularities, such as which events belong to the same context or
which categorical structure recurs across different episodes, engages the kind of slow statistical
learning attributed to the neocortex. A hierarchical sequence memory task therefore provides a
particularly informative test of the systems consolidation hypothesis, because it requires both
fine-grained sequential encoding and higher-order contextual organization.

A further open question concerns the neural signatures of sequential memory retrieval and
how they change across consolidation. Several recent studies have demonstrated that fMRI can
detect temporally ordered reactivation of task states during rest and retrieval [Schuck and Niv,
2019, Wittkuhn and Schuck, 2021, Wittkuhn et al., 2025]. The preceding chapters of this thesis
used these methods to show that replay during wakefulness operates over inferred latent struc-
ture, with replay strength tracking non-local value updating on a trial-by-trial basis (Chapter 2).
However, whether the locus and character of such sequential reactivation change across a night
of sleep, as the systems consolidation framework would predict, has not been tested. If replay
during sleep drives representational reorganization, then the neural signatures of retrieval itself
should differ before and after consolidation, potentially shifting from hippocampal to cortical
dependence.

The present study addresses these questions by combining overnight fMRI with multivari-
ate decoding in a hierarchical sequence memory task. Participants learned ordered sequences
of objects embedded within scenes and organized into overarching contexts, creating a three-
level memory structure. Retrieval was assessed in the scanner both before and after a night
of sleep. Multivariate classifiers were trained on stimulus-driven neural activity from indepen-
dent localizer sessions, in which participants viewed task images paired with unrelated words
and subsequently recalled images from word cues. These classifiers were then applied to the
main task retrieval sessions to decode stimulus-specific reactivation patterns across cortical and
medial temporal regions of interest.

The key methodological contribution of this study is the application of the sequential slope
ordering analysis (SODA) metric [Wittkuhn and Schuck, 2021, Renz et al., 2026] to the study
of sequential retrieval. The standard SODA approach quantifies sequentiality by regressing
sequence position onto decoded probabilities at each time point; taking the absolute value of
the resulting slope captures sequential structure regardless of replay direction. This absolute
SODA metric is the primary measure used throughout this chapter. As a complementary, phase-
invariant measure, we additionally fit a sinusoidal model to each trial’s SODA time course,
yielding a sinusoidal amplitude (SinAmp) that captures retrieval strength regardless of temporal
onset variability across trials (see Methods for details). We report both metrics throughout and
examine their convergence.

This design allows a direct comparison of the locus and strength of sequential memory
reactivation before and after overnight consolidation. We test two predictions derived from
the systems consolidation framework. First, sequential reactivation, the temporally ordered
reinstatement of encoded sequence elements assessed through multivariate decoding, should
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be detectable during retrieval trials and should predict retrieval success. Second, the regional
profile of sequential reactivation should change across sleep, with post-sleep retrieval showing
relatively stronger cortical contributions compared to pre-sleep retrieval.

6.2 Results

The results presented in this chapter are part of a larger collaborative project with Dr. Marit
Petzka and Elsa Kolbe, conducted between the Max Planck Institute for Human Cognitive
and Brain Sciences in Leipzig and the University of Hamburg. This chapter reports the fMRI
retrieval analyses that constitute my primary contribution to the project, focusing on the pre-
versus post-sleep comparison of sequential reactivation. Additional analyses, including compu-
tational modelling of representational change, will be reported in the forthcoming publication.

6.2.1 Experimental design

To investigate how sleep transforms memory representations and whether neural replay tracks
these changes, we designed a two-day fMRI experiment centered on a hierarchical sequence
memory task (Fig. 6.1).

Participants learned ordered sequences of everyday objects organized into a three-level hi-
erarchical structure (Fig. 6.1B). At the highest level, two overarching contexts (day vs. night,
indicated by background color) each contained five distinct scenes (e.g., autumn forest, water-
fall, desert). Within each scene, participants learned an ordered sequence of five unique objects
(e.g., dog, cardigan, piano, basketball, table), yielding 50 stimuli in total (2 contexts× 5 scenes
× 5 objects). Two distinct category sequences were used to assign objects to positions within
scenes: sequence A–E (e.g., animal, clothing, instrument, sports equipment, furniture) and se-
quence F–J (e.g., a different set of five semantic categories). Critically, both category sequences
appeared in both contexts: within each context, three scenes followed category sequence A–E
and two scenes followed sequence F–J (or vice versa), ensuring that category structure was not
confounded with context membership (see letters in Fig. 6.1B).

The experiment spanned two days with multiple MRI sessions (Fig. 6.1A). Two indepen-
dent localizer sessions were conducted before the main task, introducing all 60 task stimuli
(50 objects and 10 scenes) in a word–image association paradigm used to train multivariate
classifiers (described below). On the core experimental day, participants completed the main
task encoding session in the evening. During encoding, participants first studied the ordered
sequences of scenes within each context (presented three times) and then the ordered sequences
of objects within each scene (presented twice).

Following encoding, participants completed a pre-sleep retrieval session (Ret1), testing
memory for both scene order and object order (Fig. 6.1C). On scene recall trials, participants
were shown the context together with a position cue and asked to recall which scene appeared
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at that position. On object recall trials, participants were shown the context and scene along
with a position cue and asked to recall the specific object. Crucially, on each trial participants
first indicated their retrieval success via button press and then provided a verbal free-recall re-
sponse, without receiving any feedback or seeing the correct answer. This prevented reliance
on recognition-based strategies, ensured access to genuine sequence memory, and avoided any
re-encoding of the correct solution during retrieval.

After the pre-sleep retrieval session, participants slept overnight, first for up to three hours
in the scanner and then outside for the remainder of the night. Analysis of the sleep recordings
is part of a separate project and not included here. The next morning, participants completed
two full post-sleep retrieval sessions (Ret2), each identical in structure to the pre-sleep ses-
sion, providing two complete retrievals of all items for additional statistical power in the MRI
analyses. This within-participant design, with matched retrieval sessions flanking a night of
sleep, enables a direct comparison of the neural signatures of memory retrieval before and after
sleep-dependent consolidation.

In the localizer sessions, participants studied word–image pairs for all 60 task stimuli (50
objects and 10 scenes) and subsequently recalled images from word cues alone. Logistic regres-
sion classifiers were trained on the neural patterns evoked during both the localizer encoding
blocks (when participants directly viewed the images) and the localizer retrieval blocks (when
participants recalled images from word cues), collapsing across individual object identities to
create 10 object category labels (e.g., dogs, cats, and other animals were summarized as “an-
imals”) and 10 scene labels. The motivation for including retrieval trials in classifier training
was to capture neural patterns more closely aligned with the top-down process of memory re-
trieval, as it occurs when sequences are embedded in the main task. The resulting classifiers
were applied, without retraining, to the encoding and retrieval sessions of the main task, pro-
ducing category-specific probability time courses at each TR (see Methods for details of the
classifier pipeline and voxel selection procedures).
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Figure 6.1: Experimental design and hierarchical task structure. (A) Timeline. The figure
shows the complete data collection protocol. Two localizer sessions (Loc1, Loc2) were con-
ducted on separate days. On the experimental day: encoding (Enc), pre-sleep retrieval (Ret1;
evening), overnight sleep, and two post-sleep retrieval sessions (Ret2; morning). Note that
the collected structural MRI scans and nighttime sleep measurements (EEG during in-scanner
sleep) are part of separate projects and are not analyzed in this chapter; the present work focuses
exclusively on the pre- versus post-sleep retrieval comparison. (B) Hierarchical task structure.
Participants learned sequences organized across three nested levels: two contexts (day/night,
indicated by yellow/blue background), each containing five ordered scenes (Level 2), each con-
taining an ordered sequence of five objects (Level 3; 50 stimuli total). Two distinct category
sequences (A–E and F–J) assigned semantic categories to object positions; both category se-
quences appeared in both day and night contexts (three scenes of one sequence and two of
the other per context). (C) Encoding and retrieval design. During encoding, participants first
studied ordered scene sequences (top), then studied ordered object sequences embedded within
each scene (bottom left). During retrieval (bottom right), object recall trials presented the con-
text, scene, and a position cue; scene recall trials presented the context and a position cue.
Participants indicated retrieval success via button press and then gave a verbal free-recall re-
sponse.

6.2.2 Behavioral performance

Participants (N = 39) performed the hierarchical memory task with high accuracy (Fig. 6.2).
Scene retrieval was near ceiling, with a mean accuracy of 97% across all retrieval sessions and
sequence positions. Object retrieval was lower but still well above chance, with a mean accu-
racy of 81% (Fig. 6.2A). This difference is consistent with the hierarchical task design, in which
scenes served as higher-order contextual anchors that were encoded more frequently (three vs.
two repetitions) and probed with simpler cues (context + position) compared to objects (context
+ scene + position).
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Serial position analyses revealed a monotonic decline in object retrieval accuracy from
position 1 (∼89%) to position 5 (∼75%), consistent with a primacy-dominated gradient in
which early sequence items benefit from additional rehearsal and reduced proactive interference
(Fig. 6.2B). Scene retrieval accuracy was near ceiling across all five positions (≥95%), showing
no reliable serial position effect. Reaction times mirrored this pattern: object retrieval was
slower overall than scene retrieval (∼1.9 s vs. ∼1.4 s) and showed an inverted-U serial position
curve peaking around position 4, consistent with slower and more effortful retrieval for middle
and late sequence positions (Fig. 6.2C,D).

Critically, retrieval accuracy was stable across the pre-sleep evening session (Ret1) and the
two post-sleep morning sessions (Ret2), for both scenes and objects. Scene accuracy remained
at ceiling (∼94–98%) and object accuracy remained at ∼79–82% across all three sessions. A
linear mixed-effects model (with session as fixed effect and random intercepts for participants)
revealed a small but statistically significant increase in overall retrieval rate from evening to
morning (Morning 1 vs. Evening: b = 2.38, z = 3.50, p < .001; Morning 2 vs. Evening:
b = 2.74, z = 4.02, p < .001), though the magnitude of this improvement was modest (∼2–3
percentage points). Reaction times decreased from the evening to the morning sessions for
both memory types (Morning 1 vs. Evening: b = −0.52 s, z = −9.72, p < .001; Morning 2 vs.
Evening: b = −0.67 s, z = −12.47, p < .001). This relative behavioral stability in accuracy
across sessions is important for interpreting the neural data: any changes in retrieval-related
brain activity between pre- and post-sleep sessions are unlikely to reflect large differences in
memory strength, but instead suggest reorganization in how the same memories are neurally
represented and retrieved.
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Figure 6.2: Behavioral performance in the hierarchical memory task. (A) Mean retrieval
accuracy for objects (red) and scenes (blue). N = 39. (B) Retrieval accuracy by sequence
position (1–5) for scenes and objects. Scene accuracy is near ceiling across positions; object
accuracy declines monotonically from position 1 to position 5. (C) Mean reaction times (RT)
for object and scene retrieval. (D) RT by sequence position, showing an inverted-U pattern for
object retrieval. Error bars denote±1 SEM; gray lines connect individual participants. Session-
level accuracy and reaction time data are reported in the main text.

The high overall accuracy, combined with the graded difficulty across hierarchical lev-
els and serial positions, provides a rich behavioral landscape for relating neural measures to
memory performance. At the same time, the near-ceiling scene accuracy limits the number of
forgotten scene trials available for subsequent memory contrasts, a constraint we address in the
multivariate analyses below by focusing primarily on object retrieval.

Of the 46 participants recruited, several were excluded at various stages due to technical
difficulties, including incomplete MRI sessions and missing behavioral data. To maximize sta-
tistical power, each analysis includes the largest number of participants with complete data for
that specific pipeline: N = 39 for behavioral analyses, N = 35 for classifier cross-validation,
N = 34 for retrieval decoding, and encoding transfer analysis.

6.2.3 Classifier training and cross-session generalization

We next turned to multivariate pattern analysis to assess the fidelity of stimulus-specific neu-
ral representations and their reactivation during retrieval. Logistic regression classifiers were
trained on both the encoding and retrieval blocks of the localizer sessions to decode stimu-
lus categories (10 scenes, 10 object categories) from fMRI activity patterns in each ROI (see
Methods). By including retrieval trials, the classifiers were trained on neural patterns that more
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closely reflect the top-down memory retrieval process engaged during the main task. Classifier
performance was evaluated using stratified leave-one-run-out cross-validation (N = 35).

Classification accuracy was well above the 10% chance level in all three ROIs for both
stimulus types (Fig. 6.3A). For scenes, visual cortex achieved the highest accuracy (30.4%;
t(34) = 12.91, p < 0.001), followed by parietal cortex (20.2%; t(34) = 8.35, p < 0.001) and
MTL (12.4%; t(34) = 7.18, p < 0.001). For objects, the pattern was similar: visual cortex
29.3% (t(34) = 14.21, p < 0.001), parietal cortex 19.6% (t(34) = 9.97, p < 0.001), and
MTL 13.4% (t(34) = 11.25, p < 0.001). The gradient from visual cortex to parietal to MTL is
consistent with the expectation that encoding-trained classifiers capture stimulus-driven signals
most strongly in early visual regions, with weaker but reliable decoding in higher-order areas.

To verify that the localizer-trained classifiers generalized to the main task, we applied them
to the encoding session and examined whether decoded probabilities for the presented stimulus
peaked at the expected time (Fig. 6.3B). For both scenes and objects, the classifier probability
for the target class rose following stimulus onset, peaking approximately 6 s later consistent
with the hemodynamic delay, and decayed afterward. Peak decoding accuracy was significantly
above the 10% chance level in all three ROIs for both stimulus types (N = 33): visual cortex
achieved 23.9% for objects (t(32) = 14.25, p < 0.001, d = 2.48) and 19.1% for scenes
(t(32) = 14.32, p < 0.001, d = 2.49); parietal cortex achieved 15.3% for objects (t(32) =

9.72, p < 0.001, d = 1.69) and 12.7% for scenes (t(32) = 10.22, p < 0.001, d = 1.78); and
MTL achieved 11.6% for objects (t(32) = 5.94, p < 0.001, d = 1.03) and 10.6% for scenes
(t(32) = 3.33, p = 0.002, d = 0.58). This confirms that the classifiers successfully tracked
stimulus-specific neural patterns during the main task, validating their use in the subsequent
retrieval analyses.

Figure 6.3: Classifier training and cross-session generalization. (A) Cross-validated classi-
fication accuracy for scenes and objects in visual cortex, parietal cortex, and MTL. All ROIs
significantly exceed chance (10%; all p < 0.001). N = 35. (B) Time course (visual ROI) of
decoded target-class probability during encoding, locked to stimulus onset (+5 s HRF delay).
Probabilities peak following cue presentation, confirming cross-session generalization.
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6.2.4 Stimulus-specific reinstatement during retrieval

Having established that the classifiers generalized to stimulus-driven activity during encoding,
we next asked whether they could detect stimulus-specific reinstatement during retrieval, when
participants recalled sequence items from memory without seeing the corresponding images.
For each retrieval trial, we computed the target-class probability at each TR and averaged this
timecourse across trials, then extracted the peak of the resulting mean timecourse as a measure
of reinstatement strength (analogous to the encoding transfer analysis above).

Collapsing across sessions, peak target-class probability was significantly above chance
(10%) in all three ROIs (N = 34): visual cortex (14.9%; t(33) = 13.39, p < 0.001), parietal
cortex (13.5%; t(33) = 15.47, p < 0.001), and MTL (12.7%; t(33) = 23.58, p < 0.001).

These results confirm that the classifiers successfully detected content-specific memory re-
instatement during retrieval: even in the absence of visual input, neural patterns carried infor-
mation about which item participants were recalling. This reinstatement signal provides the
foundation for the sequential analyses below, which test whether the decoded category proba-
bilities further respect the temporal ordering of the encoded sequences.

6.2.5 Sequential reactivation during retrieval

Having established that classifiers generalized to retrieval sessions and detected stimulus-specific
reinstatement, we next asked whether memory retrieval reinstated the temporal order of en-
coded sequences. We quantified sequential ordering using the sequential slope ordering anal-
ysis (SODA) [Wittkuhn and Schuck, 2021, Wittkuhn et al., 2025, Renz et al., 2026], which
regresses sequence position onto decoded probabilities at each time point, yielding a slope that
indexes forward or backward sequential reactivation (see Methods). By taking the absolute
value of the slope, we capture sequentiality regardless of replay direction. The primary com-
parison contrasts the absolute SODA slope for the retrieved sequence against that of a control
sequence. For scene retrieval trials, the control was the scene sequence from the other context
(e.g., if the day scene order was probed, the night scene order served as control). For object
retrieval trials, the control was the object sequence drawn from the other category sequence
(e.g., if the probed scene contained objects following category sequence A–E, the control was
the corresponding F–J sequence, or vice versa).

Because the temporal onset of sequential retrieval varies across trials, averaging raw SODA
slopes can lead to phase cancellation. If retrieval of a five-item sequence unfolds as a tem-
porally ordered sweep through decoded probabilities, each trial’s SODA time course should
approximate a sinusoidal oscillation whose phase depends on when retrieval begins relative to
the cue. Averaging within or across trials with different phases can cancel the signal entirely,
producing a flat mean even when individual trials contain robust sequentiality. To address this,
we computed the absolute SODA, avoiding positive and negative phases cancelling one an-
other, and the sinusoidal amplitude (SinAmp): for each trial, a sinusoidal model was fitted to
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the SODA time course, and the fitted amplitude captures retrieval strength regardless of phase
alignment across trials (see Methods).

Sequential reactivation was detectable in all three ROIs when collapsing across sessions
(Fig. 6.4A). For the absolute SODA metric, the replay effect (retrieved − control) was signif-
icantly greater than zero in visual cortex (t(33) = 2.70, p = 0.011), medial temporal lobe
(t(33) = 2.88, p = 0.007), and parietal cortex (t(33) = 2.12, p = 0.042). The SinAmp metric
confirmed this pattern, with significant effects in all three ROIs (visual cortex: t(33) = 2.42,
p = 0.021; MTL: t(33) = 2.89, p = 0.007; parietal: t(33) = 3.14, p = 0.004). All six
tests survived FDR correction across ROIs and metrics (all pFDR < 0.043), confirming that
sequential reactivation during retrieval is a robust phenomenon.

The session-level breakdown revealed a dissociation across regions (Fig. 6.4B). During pre-
sleep retrieval, significant sequential reactivation was observed only in visual cortex (SODA:
t(32) = 2.47, p = 0.019, pFDR = 0.046), while MTL (p = 0.307) and parietal cortex
(p = 0.808) did not reach significance. During post-sleep retrieval, the pattern shifted: MTL
showed robust sequentiality (t(32) = 2.76, p = 0.009, pFDR = 0.034) and parietal cortex
emerged as significant (t(32) = 2.69, p = 0.011, pFDR = 0.034), while visual cortex did
not reach significance (t(32) = 1.86, p = 0.072). FDR correction was applied across 12
tests (3 ROIs × 2 sessions × 2 metrics). This regional shift is partially consistent with the
systems consolidation prediction: the emergence of parietal replay after sleep aligns directly
with the expected redistribution of memory traces toward cortical regions. The MTL result is
more nuanced: the CLS framework would predict a decrease in hippocampal dependence after
consolidation, yet MTL replay emerged post-sleep rather than declining. This may reflect the
ongoing role of the hippocampus in coordinating retrieval even after partial cortical takeover,
or it may be inflated by the fact that post-sleep had twice as many trials as pre-sleep, a power
asymmetry we address in a dedicated control analysis below.

The replay effect did not differ significantly between object and scene trials (LME: all
p > 0.14), but the 50 unique objects across 10 sequences carry the bulk of behavioral variance,
whereas the 5 scenes are retrieved at ceiling (∼97%). We therefore focus all subsequent analy-
ses on object trials, where individual differences in memory performance are most informative.

As a validation, we repeated the detection analysis using shuffled sequence position labels,
which destroy the temporal ordering while preserving item-level information. Many shuffled
comparisons remained significant (11/18 tests at p < 0.05), indicating that the absolute SODA
metric captures a composite signal reflecting both sequential ordering and general reinstate-
ment strength. The implications of this finding for the interpretation of the replay effects are
discussed in detail in the Discussion.
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Figure 6.4: Sequential reactivation during retrieval. (A) Absolute SODA replay effect (re-
trieved − control) collapsed across sessions for visual cortex, MTL, and parietal cortex. All
three ROIs show significant replay. The SinAmp metric confirmed this pattern (see main text).
(B) Session breakdown. The metric shown is the absolute SODA slope (retrieved − control).
Pre-sleep: visual cortex significant (p = 0.019, pFDR = 0.046); MTL and parietal not signif-
icant. Post-sleep: MTL (p = 0.009, pFDR = 0.034) and parietal (p = 0.011, pFDR = 0.034)
significant; visual cortex not significant (p = 0.072).

6.2.6 Sleep-dependent changes in sequential reactivation

The preceding section established that sequential reactivation during retrieval is detectable
across brain regions, but hinted at a regional shift between sessions: visual cortex dominated
before sleep, while MTL and parietal cortex emerged after sleep. The central prediction of
the systems consolidation framework is that sleep-dependent replay drives the redistribution of
memory representations from hippocampus to cortex. If this is the case, the strength of sequen-
tial reactivation should increase from pre-sleep to post-sleep in cortical regions. We tested this
directly by comparing replay strength before and after sleep.

Because participants completed two post-sleep retrieval blocks but only one pre-sleep block,
we report two complementary analyses: a full-data analysis using all available trials and a trial-
matched analysis restricted to the first post-sleep block (runs 1–3), which equates trial counts
across sessions.

For scene trials, per-ROI session comparisons (LME on replay difference) suggested an
increase in MTL replay from pre-sleep to post-sleep (z = 2.25, p = 0.025 uncorrected; pFDR =

0.075; Fig. 6.5A), though this effect did not survive correction for multiple comparisons across
the three ROIs. Visual cortex (p = 0.214) and parietal cortex (p = 0.633) showed no change.
Given the near-ceiling behavioral accuracy for scenes (∼97%), we do not pursue this effect
further here, but note that the direction is consistent with the MTL pattern observed for objects
(see below). For object trials, we fitted a LME predicting the replay metric from retrieval
condition (retrieved vs. control), session (pre-sleep vs. post-sleep), their interaction, and ROI
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to test regional specificity. In the full-data analysis, the three-way retrieval × session × ROI
interaction was significant for parietal cortex relative to MTL (SODA: z = 2.13, p = 0.033)
but not for visual cortex (z = 0.02, p = 0.981), indicating that the session effect was specific to
parietal cortex. The trial-matched analysis confirmed and strengthened this result: the parietal
retrieval × session interaction was significant for both metrics after FDR correction across
the three ROIs (absolute SODA: z = 3.04, p = 0.002, pFDR = 0.014; SinAmp: z = 2.76,
p = 0.006, pFDR = 0.018; Fig. 6.5B), indicating that the gap between retrieved and control
sequences specifically widened after sleep. Visual cortex and MTL showed no such interaction
in either analysis (all p > 0.44).

Fig. 6.5C illustrates the pattern of this interaction for parietal cortex: object replay was near
zero before sleep and increased after sleep, with a consistent pattern across both the absolute
SODA and SinAmp metrics.

The parietal replay signal was concentrated in the first post-sleep retrieval block and subse-
quently decayed: comparing early (runs 1–3) versus late (runs 4–6) post-sleep runs revealed a
significant decline in parietal cortex (SinAmp: t(32) = −2.85, p = 0.008, d = −0.50), with
no decay in visual cortex or MTL (all p > 0.18).

Figure 6.5: Sleep-dependent emergence of parietal sequential reactivation. (A) Scene trials:
absolute SODA replay difference (retrieved − control) for pre-sleep and post-sleep sessions
across ROIs. Brackets show per-ROI session comparisons (LME). MTL shows an increase
post-sleep (p = 0.025 uncorrected; pFDR = 0.075); visual cortex and parietal cortex show no
change. (B) Object trials: absolute SODA replay difference (retrieved − control) for pre-sleep
and post-sleep sessions across ROIs. Parietal cortex shows a region-specific session effect
(retrieval × session × ROI: p = 0.033; trial-matched retrieval × session interaction, SODA:
p = 0.002; SinAmp: p = 0.006). Visual cortex and MTL show no session effect. (C) Parietal
cortex only: pre- versus post-sleep replay for objects, shown separately for absolute SODA
(left) and SinAmp (right). Stars above individual bars denote one-sample tests against zero;
brackets show session comparisons (LME).

6.2.7 Brain–behavior associations

If sequential reactivation during retrieval supports memory, participants with stronger replay
should show better behavioral performance. We computed subject-level Pearson correlations
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between replay metrics and mean retrieval accuracy for object trials.
The replay difference (retrieved − control) correlated positively with retrieval accuracy in

visual cortex (r = 0.370, p = 0.031, pFDR = 0.047; Fig. 6.6A) and parietal cortex (r = 0.449,
p = 0.008, pFDR = 0.024; Fig. 6.6B), such that participants with stronger replay in these regions
retrieved more objects correctly. Both associations survived FDR correction across the three
ROIs. The parietal association was already present in the pre-sleep session (r = 0.389, p =

0.025). In MTL, the replay difference showed a trend toward predicting accuracy (r = 0.331,
p = 0.060; Fig. 6.6C); notably, using the raw retrieved signal (without subtracting control)
yielded a significant association (r = 0.372, p = 0.030; collapsed across sessions), which
strengthened post-sleep (r = 0.416, p = 0.016). The SinAmp metric showed a convergent
pattern in MTL post-sleep (r = 0.359, p = 0.040). All subsidiary correlations survived FDR
correction across the seven reported brain–behavior tests (all pFDR < 0.047).

Importantly, replay strength did not differ between correctly and incorrectly remembered
trials at the trial level (LME: all p > 0.14), despite the between-subject associations docu-
mented above. This dissociation suggests that replay reflects an individual difference: partici-
pants who engage in stronger sequential reactivation tend to remember better overall. The null
trial-level accuracy effect may also reflect limited power given the strong imbalance between
correct (∼85%) and incorrect (∼15%) trials.

As a final validation, we examined whether the sinusoidal model fit quality (R2) itself dif-
fered between retrieved and control trials. If replay produces a genuinely periodic SODA time
course, the sinusoidal model should fit better for retrieved sequences. This was confirmed:
the retrieved R2 was significantly higher than the control R2 in visual cortex (t(33) = 2.28,
p = 0.029), with parietal cortex showing a trend (t(33) = 2.01, p = 0.053). Furthermore, the
two replay metrics were strongly correlated across participants in all three ROIs (Fig. 6.7), con-
firming that the absolute SODA and SinAmp measures capture converging aspects of sequential
reactivation.
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Figure 6.6: Brain–behavior correlations for object retrieval. (A) Subject-level correlation
between visual cortex replay difference (absolute SODA, retrieved − control) and mean object
retrieval accuracy (r = 0.370, p = 0.031). (B) Parietal replay difference vs. retrieval accuracy
(r = 0.449, p = 0.008). (C) MTL replay difference vs. retrieval accuracy (r = 0.331, p =
0.060). Note that using the raw retrieved signal (not subtracting control) yields a significant
association (r = 0.372, p = 0.030; see main text). Each dot represents one participant; dashed
lines show linear fits. N = 34.

Figure 6.7: Convergence of replay metrics. Subject-level correlation between the absolute
SODA replay effect (retrieved − control) and SinAmp replay effect (retrieved − control) for
visual cortex (left), MTL (center), and parietal cortex (right). Strong positive correlations in all
three ROIs confirm that the two metrics capture consistent individual differences in sequential
reactivation strength. Each dot represents one participant. N = 34.

6.3 Discussion

6.3.1 Summary of findings

These results establish five key findings. First, the hierarchical sequence memory task produces
robust behavioral performance with graded difficulty across hierarchical levels and serial posi-
tions, and retrieval accuracy is preserved across sleep while reaction times decrease. Second,
logistic regression classifiers trained on independent localizer data (combining encoding and
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retrieval blocks) successfully decode individual stimulus identities from fMRI patterns across
ROIs, generalize to the main task, and detect stimulus-specific reinstatement during retrieval
even in the absence of visual input. Third, sequential reactivation during retrieval is detectable
in all three ROIs as indexed by the absolute SODA metric and confirmed by SinAmp. When
split by session, the regional profile shifts: visual cortex carries the signal before sleep, while
MTL and parietal cortex emerge after sleep. Fourth, parietal replay for objects increases across
sleep, as shown by a region-specific retrieval × session × ROI interaction that strengthens in
the trial-matched analysis. The parietal signal is concentrated in the first post-sleep retrieval
block and decays by the second block. Fifth, brain–behavior correlations link replay to mem-
ory at the subject level: participants with stronger visual cortex and parietal replay show better
object retrieval accuracy, and MTL replay predicts accuracy particularly post-sleep. However,
replay does not predict accuracy at the trial level, likely reflecting limited power given the
strong imbalance between correct (∼85%) and incorrect (∼15%) trials. Notably, the dissoci-
ation between scene and object replay effects maps onto the hierarchical structure of the task:
scenes, which serve as higher-order contextual anchors and are retrieved near ceiling, show
no session-dependent changes, whereas objects, which carry the bulk of behavioral variance,
show the sleep-dependent parietal emergence. A fuller analysis of how representational struc-
ture at different hierarchical levels changes across consolidation will be part of the forthcoming
publication.

6.3.2 Interpreting the replay metric: sequential reactivation versus gen-
eral reinstatement

A critical question for the interpretation of the results concerns the extent to which the observed
replay effects reflect genuinely sequential reactivation as opposed to general reinstatement of
retrieved items. The shuffled-label validation analysis bears directly on this issue.

We repeated the replay detection analysis using shuffled sequence position labels, which
destroy the temporal ordering while preserving item-level information. If the absolute SODA
metric captured purely sequential structure, shuffled labels should abolish the effect entirely.
Instead, many shuffled comparisons remained significant (11/18 tests at p < 0.05), indicat-
ing that the metric captures a composite signal: it reflects both genuine sequential ordering
and general reinstatement strength: higher overall activation for retrieved versus control items,
regardless of their temporal position. This is important for interpretation: the replay effects
reported here could in principle be driven by elevated reactivation of individual retrieved items,
which would produce a larger SODA slope even without genuinely sequential ordering.

Critically, the SinAmp metric suffers from the same limitation. Any slope in the SODA
time course, whether generated by sequential or non-sequential reinstatement, will produce a
periodic signal that the sinusoidal model can fit. Indeed, the SinAmp for the true sequence was
not larger than for shuffled sequences. The current data therefore do not provide sufficient evi-
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dence to conclude that the signal is fully sequential. Rather, the effects should be understood as
reflecting preferential reinstatement of the retrieved sequence, with sequentiality remaining a
plausible but not exclusively supported component. Importantly, the finding that this preferen-
tial reinstatement reorganizes from visual to parietal cortex across sleep constitutes evidence for
sleep-dependent changes in the neural basis of retrieval, regardless of whether the underlying
signal is fully sequential.

This finding motivates ongoing methodological work aimed at dissociating the sequential
and non-sequential components of the replay signal. The correlation between the absolute
SODA and SinAmp metrics (Fig. 6.7) confirms that both measures capture consistent individual
differences, but future analyses will need to identify conditions or contrasts under which the
two metrics diverge in order to isolate the unique contribution of temporal ordering.

6.3.3 Implications for systems consolidation

The sleep-dependent emergence of parietal sequential reactivation aligns with the core predic-
tion of the complementary learning systems framework: that sleep-dependent replay drives the
redistribution of memory representations from hippocampal to cortical networks [McClelland
et al., 1995, Frankland and Bontempi, 2005]. The finding that parietal replay increased from
pre-sleep to post-sleep, and that this effect was specific to object trials with their greater behav-
ioral variance, suggests that consolidation selectively strengthens cortical representations for
memories that benefit most from reorganization.

The emergence of parietal cortex as the locus of post-sleep reactivation is consistent with a
growing literature implicating lateral parietal regions, particularly the angular gyrus and intra-
parietal sulcus, in episodic memory retrieval [Shimamura, 2011, Rugg and King, 2018]. The
angular gyrus has been proposed to serve as a convergence zone that binds multimodal features
into coherent episodic representations [Bonnici et al., 2016], and its engagement increases for
richly detailed memories [Richter et al., 2016]. Within the systems consolidation framework,
parietal cortex may thus be a natural target for the cortical integration of sequential structure:
as replay during sleep strengthens cortical traces, parietal regions that support multi-feature
binding during retrieval begin to carry the reactivation signal that was initially dependent on
hippocampal and sensory cortices.

The MTL results are more nuanced. Rather than declining after sleep as a strict inter-
pretation of systems consolidation might predict, MTL replay emerged post-sleep. This may
reflect the continued role of the hippocampus in coordinating retrieval even after partial cortical
takeover, consistent with models in which consolidation is a gradual process and hippocampal
involvement persists during early stages of cortical integration [Sekeres et al., 2017, Barry and
Maguire, 2019]. Indeed, recent evidence suggests that the hippocampus may never fully disen-
gage from vivid episodic retrieval, but instead shifts its contribution from detailed reinstatement
to a more schematic or indexing role [Moscovitch et al., 2016, Robin and Moscovitch, 2017].
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6.3.4 Limitations and future directions

Several limitations should be noted. First, as discussed in the preceding subsection, the absolute
SODA metric captures a composite of sequential ordering and general reinstatement strength.
The shuffled-label validation demonstrated that the replay effects reported here cannot be at-
tributed exclusively to temporal ordering; elevated reactivation of retrieved items, regardless of
their sequential position, contributes to the signal. Developing analytic contrasts that isolate
the unique contribution of sequentiality remains an important goal for future work.

Second, the pre-sleep session comprised one retrieval block while the post-sleep session
comprised two. This power asymmetry is addressed by the trial-matched analysis, which re-
stricts the post-sleep data to the first retrieval block and thereby equates trial counts across
sessions. The fact that the parietal session effect strengthened in the trial-matched analysis indi-
cates that the asymmetry does not inflate the post-sleep results; if anything, the additional post-
sleep data dilute the effect, as the parietal signal decays across the second retrieval block. A
closer examination of how sequential reactivation changes across the morning retrieval blocks
will be part of the forthcoming publication.

Finally, the brain–behavior associations are between-subject: participants with stronger re-
activation retrieve more items correctly. The absence of a trial-level accuracy effect most likely
reflects a power limitation, given the strong imbalance between correct and incorrect trials.

6.3.5 Relation to earlier thesis chapters

The present findings complement the wakefulness replay results reported in Chapter 2. That
chapter applied the same SODA framework to detect sequential replay during pre-decision
pauses in a value-based learning task, demonstrating that on-task replay operates over inferred
latent cause structure, with replay strength tracking non-local value updating on a trial-by-trial
basis. The present chapter extends this line of work by applying SODA to memory retrieval
across overnight consolidation, showing that replay-like signatures are detectable during active
retrieval and that their regional profile shifts after sleep. Together, the two projects suggest that
replay supports complementary functions across behavioral contexts: during on-task decision-
making, it facilitates value propagation within learned latent structures; during post-sleep re-
trieval, it reflects the redistribution of memory representations toward cortical networks. An
important difference between the two studies is the timescale of interest: Chapter 2 focused on
rapid, within-trial replay dynamics linked to ongoing value computations, whereas the present
chapter examines how the overall strength and locus of replay change across a night of sleep.
Bridging these timescales and determining whether the same replay mechanisms that support
online value propagation also contribute to overnight consolidation remains an important di-
rection for future work.
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6.4 Methods

6.4.1 Participants

Forty-six participants were recruited from the participant pool of the Max Planck Institute for
Human Cognitive and Brain Sciences in Leipzig (mean age = 29.7 years, SD = 5.3; 21 females).
All gave written informed consent. The study was approved by the ethics committee at the
University of Leipzig (128/23-ek). Eleven participants were excluded at various stages due to
technical difficulties, including incomplete MRI sessions, missing behavioral data, and absent
localizer recordings. Because different analysis steps have different data requirements, each
analysis includes the maximum number of participants with complete data for that specific
pipeline: N = 39 for behavioral analyses (including participants with complete behavioral but
partial MRI data), N = 35 for classifier cross-validation within localizer data, N = 34 for
retrieval decoding analyses, and the encoding transfer analysis.

6.4.2 MRI acquisition

MRI data were acquired on a 3T Siemens Magnetom Prisma Fit system equipped with a 64-
channel head/neck coil at the Max Planck Institute for Human Cognitive and Brain Sciences in
Leipzig.

Functional MRI (fMRI) scans were collected using T2*-weighted gradient-echo echo-planar
imaging (GE-EPI) with multiband acceleration, sensitive to BOLD contrast. Functional images
had an isotropic voxel size of 2× 2× 2mm, a repetition time (TR) of 1.5 s, an echo time (TE)
of 28 ms, and a flip angle of 72°. Sixty-five slices were acquired in an interleaved order ori-
ented approximately 20° toward the coronal plane (T>C 20°), with a field of view of 204 mm,
a multiband acceleration factor of 5, 6/8 partial Fourier in the phase-encoding direction, and
fat saturation. Phase encoding was in the anterior–posterior direction. The first five volumes of
each block were discarded to allow for scanner equilibration.

High-resolution structural images were acquired for spatial normalization, coregistration,
and cortical surface reconstruction. T1-weighted images were collected using a magnetization-
prepared rapid gradient-echo (MPRAGE) sequence (1 × 1 × 1mm isotropic; TR = 2300 ms;
TE = 2.98 ms; TI = 900 ms; flip angle = 9°; 176 sagittal slices; FoV = 256 mm; GRAPPA fac-
tor 2). A T2-weighted image was acquired using a SPACE sequence (0.9 × 0.9 × 0.9mm
isotropic; TR = 3200 ms; TE = 408 ms; 192 sagittal slices; FoV = 230 mm; GRAPPA factor 2).

To correct for susceptibility-induced distortions in the functional data, field maps were
acquired using spin-echo EPI sequences with opposing phase-encoding polarities (anterior–
posterior and posterior–anterior; PEPOLAR method; 2 × 2 × 2mm isotropic; TR = 7000 ms;
TE = 51 ms; 65 slices).
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6.4.3 MRI preprocessing

Structural and functional MRI data were preprocessed using fMRIPrep 25.1.4 [Esteban et al.,
2019]. Preprocessing included brain extraction, spatial normalization to native T1w space (for
decoding analyses) and MNI152NLin2009cAsym standard space, head-motion correction (us-
ing mcflirt), susceptibility distortion correction (PEPOLAR), slice timing correction, and
confound estimation. Confound time series included six rigid-body motion parameters and
their temporal derivatives, global signal, framewise displacement, and six anatomical Comp-
Cor components (aCompCor), yielding 20 nuisance regressors. FreeSurfer 7.3.2 [Fischl, 2012]
was used for cortical surface reconstruction and anatomical parcellation.

6.4.4 Region-of-interest definition

Regions of interest (ROIs) were defined from subject-specific FreeSurfer anatomical parcella-
tions and transformed to native functional space. Three ROIs were analyzed:

• Visual cortex (VIS): 1005/2005, 1011/2011, 1021/2021, 1013/2013, 1007/2007, 1009/2009,
1015/2015

• Medial temporal lobe (MTL): 17/53, 1006/2006, 1016/2016

• Parietal cortex: 1008/2008

To mitigate signal dropout in regions susceptible to magnetic susceptibility artifacts, ROI
masks were intersected with intensity-thresholded functional images. For each run, voxels with
mean signal intensity below 30% of the global mean were excluded from the ROI mask.

6.4.5 Voxel reliability selection

To improve signal quality for multivariate analyses, a voxel reliability selection procedure was
applied. Within each anatomical ROI, voxel selection was based on two criteria: activation
strength and reliability. First, activation strength was quantified as the mean BOLD signal
intensity across the entire time course, excluding voxels with poor signal quality or signal
dropout. Second, voxel reliability was assessed using a split-half correlation approach [Tarhan
and Konkle, 2020]. Beta estimates were derived from a run-wise first-level GLM implemented
in Nilearn (SPM canonical HRF; cosine drift model; high-pass filter = 1/128 Hz; voxel-wise
standardization; version 0.10.3). For each run, the design matrix included onsets and dura-
tions for all stimuli and, when present, a probe condition. Nuisance regressors comprised the
global signal, framewise displacement, six motion parameters and their temporal derivatives
(12 total), and six anatomical CompCor components (aCompCor00–05). Voxel reliability was
then computed by correlating beta response profiles between odd and even localizer runs. For
each voxel, condition-wise beta maps were averaged within odd and even sets to yield paired
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response profiles across all regressors of interest. Pearson correlations between these profiles
produced voxel-wise reliability maps. Voxels exceeding the 70th percentile reliability threshold
were retained. To increase robustness, reliability masks from the two independent localizer ses-
sions were intersected, retaining voxels that were reliable in at least one session. The resulting
combined masks were used for all subsequent decoding analyses.

6.4.6 Multivariate pattern analysis: classifier training

Logistic regression classifiers were trained on the two independent localizer sessions to decode
individual stimulus identities (10 scenes, 10 object categories) from fMRI activity patterns
within each ROI. In each localizer session, all 60 task stimuli (50 objects and 10 scenes) were
paired with unique, unrelated words. During encoding blocks, participants studied word–image
pairs (3.5 s per pair, ∼2.5 s inter-trial interval). During retrieval blocks, words were presented
alone (5 s per trial), requiring participants to internally recall the associated image and indicate
retrieval success via button press with occasional probes (10%). Classifiers were trained on
neural patterns evoked during both encoding and retrieval blocks, combining stimulus-driven
responses (from image viewing) with retrieval-related patterns (from word-cued recall). The
inclusion of retrieval trials was motivated by the goal of capturing neural patterns that more
closely approximate the top-down memory retrieval process engaged during the main task,
where participants must internally reconstruct sequence elements from positional cues.

Separate classifiers were trained for scenes and objects, and classifier performance was
evaluated using stratified leave-one-run-out cross-validation within the localizer data.

6.4.7 Cross-session decoding transfer

Classifiers trained on localizer data were applied, without retraining, to neural activity recorded
during the encoding session and the retrieval sessions (pre-sleep and post-sleep). For each
trial, the classifier produced a probability time course for each stimulus category across a 10-
TR window following event onset (∼15 s). This cross-session generalization approach tests
whether category-specific representations established during localizer viewing are reactivated
during memory encoding and retrieval.

6.4.8 Sequential slope ordering analysis

To assess whether memory retrieval reinstated the temporal order of encoded sequences, we
applied the sequential slope ordering analysis (SODA) following Wittkuhn and Schuck [2021],
Renz et al. [2026]. SODA exploits the temporal dynamics of overlapping hemodynamic re-
sponses: when a neural sequence is rapidly replayed, each element evokes a BOLD response
offset in time. Due to the sluggish nature of the hemodynamic response, these overlapping re-
sponses create characteristic temporal patterns in classifier probability time courses. If stimuli
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are replayed in order S1 → S2 → S3 → S4 → S5, the resulting classifier probabilities show
ordered dynamics: initially, earlier items have higher probabilities than later items, creating a
forward-ordered pattern; as the hemodynamic responses evolve, this pattern reverses. To quan-
tify this ordering, for each retrieval trial classifier probabilities for the five sequence items were
extracted at each TR, and at each time point a linear regression was fitted:

pi(t) = β0 + β1 · positioni + ε (6.1)

where pi(t) is the decoded probability for the object at sequence position i at TR t, and β1 is
the SODA slope. A positive slope at a given TR indicates that later-sequence items currently
have higher decoded probabilities, while a negative slope indicates the reverse. A sequential
replay event thus produces a characteristic sign change in the SODA slope across time.

For each trial, SODA slopes were computed for both the retrieved sequence and a control

sequence. For scene retrieval trials, the control was the scene sequence from the other context
(e.g., night scenes when day scenes were probed). For object retrieval trials, the control was
the object sequence drawn from the other category sequence within the same scene structure
(e.g., F–J when A–E was probed, or vice versa). The difference between retrieved and control
SODA values served as the primary measure of sequential reactivation. Two additional shuf-
fle controls (random permutation and a selected permutation excluding identity, reverse, and
adjacent-preserving orders) provided supplementary baselines.

6.4.9 Phase-invariant sinusoidal model fitting

Because the temporal onset of sequential retrieval varies across trials, averaging raw SODA
slopes can lead to phase cancellation (see Results for a detailed motivation). To obtain a phase-
invariant measure of sequential retrieval strength, a sinusoidal model was fitted to each trial’s
SODA time course:

y(t) = A · sin(2πft+ φ) + c (6.2)

where A is the amplitude (retrieval strength), f is the frequency (in cycles per TR), φ is the
phase, and c is a baseline offset. Model fitting was performed using nonlinear least-squares op-
timization (scipy.optimize.curve_fit) with frequency bounds f ∈ [0.03, 0.45] cycles/TR
and five random restarts to mitigate local minima. The fitted amplitude A (sinusoidal ampli-
tude, SinAmp) served as the primary phase-invariant measure of sequential retrieval strength;
the goodness of fit (R2) was used as a secondary measure to validate the presence of periodic
structure (see Results).

6.4.10 Statistical analysis

Unless otherwise noted, group-level comparisons of replay metrics were performed using paired
t-tests (within-subject pre- vs. post-sleep) or one-sample t-tests (testing retrieved–control dif-
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ferences against zero). Linear mixed-effects models (LMEs) were fitted using statsmodels
with subject as random intercept and REML estimation, used to test session effects, ROI ×
session interactions, and behavioral data. Behavioral retrieval rates were modeled as subject-
level percentages with session as fixed effect and subject as random intercept. Brain–behavior
correlations were computed as Pearson correlations between subject-level neural metrics and
behavioral accuracy. Where families of tests were performed across ROIs, sessions, or metrics,
false discovery rate (FDR) correction was applied using the Benjamini–Hochberg procedure;
both uncorrected and FDR-corrected p-values are reported in the text.

6.4.11 Software

All analyses were implemented in Python 3. Key packages included: nilearn [Abraham et al.,
2014] for neuroimaging operations; scikit-learn [Pedregosa et al., 2011] for machine learn-
ing; imbalanced-learn for SMOTE resampling; SciPy [Virtanen et al., 2020] for optimization
and statistical testing; statsmodels for mixed-effects modeling; and pandas/NumPy for data
handling. fMRI data were preprocessed with fMRIPrep [Esteban et al., 2019] and FreeSurfer
[Fischl, 2012].
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Abstract

The brain’s ability to change in response to new environments, experiences, or
damage—its plasticity—is a major foundation of cognition. Unraveling the mech-
anisms of plasticity in humans is therefore a central goal for neuroscience. This
chapter provides an overview of common methods used to study structural and
functional brain plasticity in humans. The main structural methods discussed are
T1-weighted magnetic resonance imaging (MRI), which is widely used to track
anatomical changes in the brain, and positron emission tomography (PET), which
allows investigation of neurochemical processes, such as receptor density changes.
The section on functional plasticity revolves around (T2*-weighted) functional
MRI (fMRI) and attempts to provide an overview of analysis methods and MRI
protocols that can be used to study functional changes in the brain, including rest-
ing state, univariate, and multivariate analyses. The chapter also discusses the
dynamic nature of plasticity across different timescales, spanning from single days
to several weeks. The text further provides a short summary of noninvasive brain
stimulation methods that, combined with other structural or functional methods,
have proven to be useful tools for inducing and measuring plasticity. The chap-
ter also addresses limitations of these methods, for tracking fast or microscopic
changes, and discusses the importance of a good study design that ensures that
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measurements match the research question. This emphasizes the benefits of com-
bining noninvasive brain imaging with longitudinal designs to reveal the nature of
plasticity in humans.

Keywords: brain plasticity, cognition, neuroscience methods, magnetic resonance
imaging, positron emission tomography, noninvasive brain stimulation

7.1 Introduction

Our brain has considerable capacity for change. It naturally evolves across development and
aging and flexibly adapts to changing demands of the environment. The term neural plasticity

has been used to describe these changes in the brain. Although definitions vary, most scientists
agree that the term “neural plasticity” should be reserved for lasting changes that occur in re-
sponse to experience or damage and have both structural and functional consequences [Lövdén
et al., 2010b, Paillard, 1976]. For this chapter, we adopt a similar definition of plasticity based
on Paillard (1976, translated in Will et al. 2008), according to which a change is plastic when
it involves changes in brain structure that has functional consequences (i.e., for brain activity),
conversely, functional changes that induce structural change. Following this definition, not
all changes in the neural system are plastic. While brief activations, such as those caused by
repeatedly perceiving an object, can trigger some forms of “short-term plasticity” [e.g., synap-
tic potentiation; Zucker and Regehr, 2002], these changes are only temporary, and we do not
consider them in this chapter. Instead, we focus on the effects of long-term plasticity, such as
long-term potentiation (LTP) or long-term depression [LTD; Malenka and Bear, 2004]. Struc-
tural adaptations in response to brain injuries, for instance, trigger lasting large-scale changes
in brain structure and have consequences for cognitive function, and hence are an expression
of plasticity. Similarly, learning a new language, childhood development, and aging all induce
plasticity as the brain flexibly adapts to new demands over time. We note that in practice, it
is often difficult to determine if an observed functional change results from structural changes
in the brain or if the functional change precedes changes in brain structure. Analogously, ob-
served changes in brain structures can be a cause or effect of functional changes. The methods
we discuss in this chapter usually allow us to quantify functional or structural changes in the
brain, but only the most carefully conducted experiments allow us to infer any direction or
causality.

7.1.1 Timescale of Change

The ability to implement plasticity on a range of timescales is a highly desirable property for
any system seeking to adapt to a complex world. A major factor determining the time scale of
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change is the level of neural organization. Plasticity can, for instance, affect molecular signal-
ing (e.g., receptor expression, changes in channel density), the cellular level (e.g., myelination),
or networks of cells, and each of these levels places constraints on how dynamically it can be
adapted. Yet while plastic changes are by definition considered “lasting,” no general consensus
on a minimum duration for a change to be considered plastic exists, with documented cases of
plasticity ranging from hours to years [Miller and Constantinidis, 2024].

Broadly speaking, changes within single cells can occur in a very short timespan, but plas-
ticity in cell networks or myelination reflects the cumulative effects of many single cell changes
that may take days or even months to become apparent [Sampaio-Baptista et al., 2018]. Classic
examples of long-term neural plasticity include the morphological changes observed in long-
time musicians and the structural differences in the hippocampi of London taxi drivers [Gärtner
et al., 2013, Maguire et al., 2000], which appear to develop over years of training. On the other
end of the spectrum, it has been observed that brief neural high-frequency stimulation of a
few seconds can induce changes lasting several hours or days within single cells [Bliss and
Lomo, 1973]. This impressive potential for plasticity implies that the brain is constantly evolv-
ing in daily life, continuously forming new connections and reorganizing multiple interacting
components. This makes it challenging to distinctly separate structural, plastic, and functional
changes.

7.1.2 What We Cannot Measure (Directly) in Humans

Related to the questions about the levels at which plasticity occurs is how neuroscientists typ-
ically measure it, which poses particular challenges for human research. While this chapter
largely focuses on human research, we briefly provide a summary of two core mechanisms of
plasticity that have been studied mostly in animals, where neural processes can be probed inva-
sively by directly observing individual nerve cells and where environmental, genetic, structural,
and chemical factors influencing plasticity can be directly manipulated.

The first core mechanism is synaptic plasticity, which refers to changes in the strength
or efficacy of synaptic transmission. The most common form of this process results from
the temporal coincidence of presynaptic and postsynaptic neuronal spikes such that even brief
millisecond-scale coactivations can lead to a longer-lasting potentiation or depression of synap-
tic connections, hence termed “spike-timing-dependent plasticity” [Caporale and Dan, 2008].
Such long-term potentiation and long-term depression effects have been investigated most ex-
tensively in the CA1 region in the hippocampus, where studies have shown that experimentally
induced in vivo coactivations lead to changes in synapses and in turn induce long-term and
spatial memory formation [see Citri and Malenka, 2008, for overview]. The second major
mechanism that is difficult to study directly in humans is neurogenesis, a form of plasticity
in which new neurons are generated from neural stem cells and integrated into existing neural
networks. Neurogenesis occurs during development but also in the adult brain, although in this
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case it is spatially restricted to a few regions, including the dentate gyrus region of the hip-
pocampus [Boldrini et al., 2018, Eriksson et al., 1998]. To what extent neurogenesis persists
across the life span is highly debated, but adult neurogenesis and its role in lifelong brain plas-
ticity are exciting topics of investigation [Boldrini et al., 2018, Kempermann, 2022, Sorrells
et al., 2018].

While synaptic plasticity and neurogenesis as observed in animal studies are the most foun-
dational and best-understood aspects of plasticity, human research has focused on phenomena
that reflect our natural circumstances and can be more easily studied. In the clinical domain,
brain reorganization that occurs in response to trauma, for instance, is of great importance.
Other commonly observed cases in humans in which brain plasticity plays a major role are
more gradual and systemic. Prolonged exposure to stress, for instance, has been related to
atrophy and loss of neurons in the prefrontal cortex and hippocampus [Duman et al., 2016].
Relatedly, aging is characterized by widespread plasticity, including synaptic alterations in ar-
eas such as the prefrontal cortex and the hippocampus [Morrison and Baxter, 2012].

Furthermore, practical and ethical constraints on human research require much more indi-
rect approaches that rely predominantly on noninvasive recordings such as magnetic resonance
imaging (MRI) and a range of methods based on it (see below). Because the MRI signal is spa-
tially coarse, human research mostly reflects macroscopic changes in entire cell populations,
unlike the synaptic plasticity and neurogenesis mechanisms in single cells at the center of ani-
mal research. Yet, as this chapter shows, recent advances in imaging techniques have allowed
us to study neural reorganization in adult humans in vivo in unprecedented detail [Chen et al.,
2010]. Hence, our overview of human work focuses on imaging studies of trauma, training, or
environmental factors.

The remainder of this chapter is structured into five sections. First, we discuss design
considerations that should be taken into account when attempting to measure plasticity, arguing
that a good experimental design is essential to disentangle functional and structural components
of plasticity. Next, we review methods that reflect structural brain changes, followed by an
overview of functional methods. We then cover less common multimodal and neurochemical
approaches. Finally, we provide some conclusions and future directions.

7.2 Design Considerations

Measuring plasticity and change inherently requires accounting for the temporal dynamics of a
phenomenon of interest. Two research designs allow us to capture such dynamics to different
degrees: longitudinal and cross-sectional designs. In longitudinal designs, the variable of inter-
est is assessed repeatedly, such as before and after acquiring a new skill or at regular intervals
during an intervention (e.g., training). Most importantly, the variable of interest is assessed
in the same participants at each measurement point, allowing measurement of trajectories over
time. Longitudinal studies are particularly suited for studying phenomena such as developmen-
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tal changes but also for intervention studies such as drug trials or training studies. Alternatively,
plasticity can be measured using cross-sectional designs, where individuals naturally varying
in the variable of interest are assessed and compared. A cross-sectional design is often used
to study changes that unfold over a long period of time and where a longitudinal design would
be difficult to implement. The use of cross-sectional studies for studying change, however, has
been criticized, given that their focus lies on measuring between-person differences rather than
within-person change [Boker et al., 2009]. Inconsistencies between longitudinal and cross-
sectional results in studies investigating cognitive aging, for instance, support this position
[Lindenberger et al., 2011]. Here we briefly discuss the challenges and considerations of each
design.

7.2.1 Longitudinal Study Designs

Longitudinal studies represent the gold standard in measuring plasticity as they allow us to
learn about within-person change over time. However, designing and conducting longitudinal
studies present multiple challenges. They are logistically demanding and require substantial re-
sources. Additionally, various potentially confounding factors need to be accounted for, which
include systematic dropout (e.g., fading motivation due to lack of improvement), changes in
staff performing the study, or changes of setup (e.g., change of MRI scanner). Other confounds
that potentially lead to biased conclusions are training and familiarity effects, meaning that
improved performance over time might result from increased familiarity with the task rather
than genuine improvement. When designing a longitudinal study, another consideration should
be when and how often to measure in order to capture the change of interest [Hertzog and
Nesselroade, 2003]. If a change unfolds over a long period of time, measuring in intervals of
months or years might be sufficient. If change is rapid, measuring in yearly distances might
fail to capture the trajectory of the plastic event. The Nyquist frequency (twice the frequency
with which the phenomenon of interest changes) provides a useful lower bound for such design
considerations.

7.2.2 Cross-Sectional Study Designs

While longitudinal designs are valuable because they provide insights into trajectories of change,
cross-sectional designs allow us to measure differences between groups. In cross-sectional
designs, groups hypothesized to differ in a specific process—such as musical experts versus
novices, or older versus younger adults—are directly compared at a single time point. This ap-
proach is beneficial in cases where longitudinal designs are infeasible. For example, the neural
changes elicited by learning to play an instrument can in principle be studied longitudinally.
However, tracking participants over a timespan of years, while trying to account for confound-
ing variables, is challenging. Cross-sectional approaches allow us to contrast expert musicians
with a matched control group and to measure differences at a single time point. Such designs
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have, for example, been used to show that musicians show differences in interhemispheric com-
munication [Schlaug et al., 1995] or that young and older adults differ in the variability of the
fMRI BOLD signal [Grady and Garrett, 2014].

However, cross-sectional designs come with their own set of challenges and limitations.
Given that cross-sectional designs involve between-subject comparisons, measured change can
be due to existing differences in the two groups rather than the variable assessed. One example
of such differences is cohort effects, when observed differences between groups result from
generational or cultural factors rather than from the variable of interest. In addition, age effects
can further account for variability. Age effects include all differences that result from under-
lying psychological, social, or biological processes that highly correlate with age. A further
critical consideration in cross-sectional designs is the causal directionality of an effect. For
instance, do musicians develop different brain structures as a result of extensive training, or
do individuals with certain neural characteristics become musicians because they possess the
necessary predispositions? This question underscores the importance of careful experimental
design and the use of complementary approaches to reveal the directionality.

Cross-sectional and longitudinal designs can be combined in what are known as cross-

sectional longitudinal designs. This study design allows measuring groups of individuals of
different ages over a period of time and conveniently combines cross-sectional with longitu-
dinal elements. For example, Raz et al. [2005] combined a cross-sectional fMRI study with a
longitudinal follow-up to investigate five-year changes in brain volume.

7.2.3 Choice of Control Group

One important consideration when attempting to measure plasticity, cross-sectionally or longi-
tudinally, is the choice of control group. A control group is an additional group that does not
receive the intervention of interest and thus contributes to causal understanding of an effect.
Most importantly, control groups should be closely matched to the experimental group in all
variables that are not of interest. The best way to equate possible a priori group differences
is to offer so-called randomized control trials, where participants are randomly assigned to the
intervention or control group [Hariton and Locascio, 2018]. Furthermore, choosing an appro-
priate control intervention for the control group is crucial: while applying no treatment at all is
a common research strategy, it raises concerns that treatment effects could reflect unintended
side effects of the treatment, such as frequent social interactions that accompany a study, or
retest effects. To avoid such issues, researchers often use a placebo treatment or an alternative
intervention unrelated to the variable of interest. For example, in a longitudinal study, Voss
et al. [2010] assessed the effect of aerobic exercise in older adults on the brain’s functional
connectivity. Participants were randomly assigned to the experimental or control condition,
with the control condition being an alternative exercise routine based on nonaerobic exercises.
Another example is the use of sham stimulation in transcranial magnetic stimulation (TMS).
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Given that stimulation with TMS is accompanied by a characteristic sound of the stimulation
device and sensory side effects, control groups usually are administered a weak stimulation or
receive stimulation of an alternative brain region that reproduces the sensory effects but that
ideally does not interfere with the neural effects of the stimulation [Duecker and Sack, 2015].
Besides the choice of the control group, an additional consideration concerns experimenter
effects, such as preferential treatment of one group over the other. In clinical trials, this is
generally prevented by designing double-blind studies, where neither the participant nor the
researcher knows which treatment a participant is receiving.

In summary, measuring change requires assessing within-person trajectories, and longitudi-
nal designs with repeated measurement points are best suited for this purpose. Cross-sectional
designs provide many advantages but have to be used keeping in mind that they provide snap-
shots of between-person differences without informing us about change over time. The choice
of design primarily depends on the phenomenon of interest and is accompanied by additional
considerations around the target population and feasibility. Additional considerations when
choosing a suitable design concern the choice of the control group and potentially confounding
effects such as age and cohort.

7.3 Methods for Measuring Plasticity

In the next sections, we provide an overview of common methods used to measure changes in
brain structure, beginning with structural MRI. We then discuss two other structural MRI–based
methods, diffusion tensor imaging (DTI) and voxel-based morphometry (VBM), which can be
used to study changes in white matter and gray matter, respectively. Afterward, we focus on
methods used to study functional change, which include functional MRI (fMRI) and positron
emission tomography (PET). Table 7.1 provides an overview of the considered methods and
their properties.

7.3.1 Measuring Structural Change

7.3.1.1 Structural MRI (T1-Weighted)

MRI is an imaging technique used widely to generate three-dimensional anatomical images of
the brain or body in a number of ways (T1-weighted MRI is discussed here, and others are
described below).

All MRI methods employ magnets that produce a strong magnetic field (B0) that forces the
magnetic moment of hydrogen protons in the body to align with the field.1 MRI is generally
considered safe but given the strong magnetic field all metal objects need to be removed before
scanning. Nonremovable metal bodies such as implants or pacemakers, therefore, are a con-
traindication for this technique. Further limitations of MRI scanning are restricted room and
movement inside the scanner and noise levels during scanning.
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Table 7.1: Overview of imaging methods discussed in this chapter. “What is measured” pro-
vides an overview of the signal measured while “Anatomical basis” describes the underlying
physiological basis where a signal is believed to originate. The columns “Spatial scale” and
“Data acquisition” describe the spatial resolution of the measure and the duration of signal ac-
quisition, respectively. The values provided about time and space are approximate and should
be understood as a general reference, as they are influenced by a number of factors, such as the
specific hardware used for acquisition or ongoing technological developments.

Method What is
measured?

Anatomical basis Spatial scale Data acquisition Invasiveness

Structural measures

MRI-T1 Hydrogen
molecule
concentration

Tissue types (fat /
water indicative of
gray matter, white
matter)

0.1–2 mm(1) 2–10 minutes Noninvasive

DWI/DTI* Diffusion of
hydrogen
molecules

White matter fiber
tracts

1–5 mm(2) 4–15 minutes Noninvasive

Functional measures

PET Radioactivity
after radioactive
tracer injection

Glucose metabolism /
neurotransmitter
density and activity,
depending on tracer

3–10 mm(3) 30–45 minutes
(plus waiting time
for radiotracer
absorption)

Intravenous/oral
administration
of radioactive
tracer

fMRI* Blood
oxygenation

Metabolic demand
triggered by neural
activity

0.75–3 mm(4) 1–3.5 seconds per
whole brain image

Noninvasive

TMS TMS-induced
changes in
measure of
interest (behavior
/ MRI)

Neural population
activity (i.e., measured
with EEG)

5–15 mm(5) 30–45 minutes
(TMS) & 20–30
minutes (tDCS)

Magnetic
stimulation

* MRI based methods; (1) e.g., Balchandani and Naidich 2015, Feinberg et al. 2023; (2) e.g., Holdsworth et al.
2019; (3) e.g., Catana 2019; (4) e.g., Uğurbil 2014, 2021; (5) e.g., Bolognini and Ro 2010, and Sliwinska et al.

2014.
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So-called T1-weighted (T1W) MRI scans are widely used for assessments of brain struc-
ture, as they reliably indicate the relative amount of fat versus water of brain tissue in a given 3D
location, known as a voxel.2 Typical T1W MRI scans achieve a resolution on the order of 1.0
mm3 (1µl or 0.001 ml voxel volume), but recent developments of ultra-high-field-resolution
brain imaging achieve even better spatial resolution [Balchandani and Naidich, 2015, Feinberg
et al., 2023].

7.3.1.2 Voxel-Based Morphometry

A widespread analysis technique of T1W MRI data is voxel-based morphometry (VBM), in
particular when researchers aim to examine changes in brain structure over time, or compare
different groups of interest with high regional specificity. Unlike other analysis methods that
focus on whole-brain volume or predefined regions of interest (ROIs), VBM emphasizes spatial
resolution, providing a voxel-wise estimation of volume or gray matter density. This enables a
detailed examination of structural differences across the entire brain and makes VBM a useful
tool to study plasticity-induced structural brain changes. While typically used to assess differ-
ences or changes in gray matter density, it is also applicable to study changes in white matter,
albeit with reduced sensitivity due to the homogeneity of large white matter regions [Ashburner
and Friston, 2000, Kurth et al., 2015].

VBM has significantly advanced the understanding of brain structure, both in comparing
different groups and in tracking plastic changes over time. For example, Sato et al. [2015]
have used VBM to reveal gray matter volumetric differences among trained musicians when
compared to hobbyists and nonmusicians, showing a positive correlation between the extent of
musical training and gray matter volume. Another illustrative case is the structural adaptations
associated with extensive navigation experience [Maguire et al., 2000]. Using VBM, studies on
the brains of London taxi drivers have demonstrated an increased volume in the posterior hip-
pocampi, a region associated with storing spatial representations. These findings suggest that
the brain has a remarkable capacity for localized plastic changes in response to environmental
demands.

7.3.1.3 Diffusion Weighted Imaging and Diffusion Tensor Imaging

Diffusion weighted imaging (DWI) is another MRI-based method that measures the diffusion
of water molecules in the brain. Diffusion refers to the random Brownian motion of molecules.
In open water, diffusion of water molecules is random and equally probable in all directions,
but the structure of the human brain, in particular its fiber tracts, restricts such molecule diffu-
sion. These tissue-dependent differences in diffusion create image contrast that allows MRI to
visualize and quantify white matter tracts in the brain. DWI is applied in medical imaging, for
example, in stroke patients [Baliyan et al., 2016].

Diffusion tensor imaging (DTI) refers to a specific type of modeling DWI datasets that an-
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alyzes the three-dimensional shape of diffusion in space, known as the diffusion tensor. DTI
provides information about the mean diffusivity in each voxel in addition to the directional pref-
erence of diffusion and diffusion rate. In white matter, the diffusion is less restricted along the
axon and is directionally dependent (anisotropic). This property makes it particularly suitable
for DTI modeling, allowing for the production of detailed images of white matter tracts.

DTI has been widely used as a clinical tool in the context of disorders that involve abnormal-
ities in the brain’s white matter and is increasingly used in research. It is particularly suitable
to study change because it provides information about changes in the in vivo microstructure of
the brain.

A study by Lövdén et al. [2010a], for example, used DTI in combination with a training
intervention, involving memory and perceptual speed tasks, to investigate plasticity of white
matter tracts in the anterior corpus callosum. In their study, they further compare younger and
older adults and report training effects on white matter microstructures that were comparable
in magnitude across age groups. DTI has also been used to study age-related decline in white
matter tracts. Voineskos et al. [2012], for instance, report widespread age-related changes in
diffusivity of cortico-cortical white matter fiber tracts.

DWI and DTI are valuable tools to study white matter changes in the brain. The main lim-
itations of these approaches are shared with other MRI methods and include imaging artifacts
as well as complex preprocessing and analysis methods [see Soares et al., 2013, for overview].

7.3.1.4 Positron Emission Tomography

Positron emission tomography (PET) is another approach that can be used to study structural
plasticity in the brain. Although mainly used for clinical diagnosis of cancer, PET can be
employed to study changes in blood flow and to track particular neurotransmitters in the brain
[see Jones and Rabiner, 2012, for overview]. The main principle of PET is to first administer a
radioactive tracer (often intravenously) that selectively binds to, for example, a neurotransmitter
receptor or another protein, and in a subsequent PET scan detect the spatial distribution of the
radioactive tracer in the brain. Common tracers in PET imaging are the glucose analogue
18F-FDG used to image glucose and oxygen-15 which provide an indirect measure of blood
flow in the brain. FDG-PET studies, for instance, have revealed glucose metabolic reductions
in various areas of the brain related to Alzheimer’s disease, such as in areas of the cingulate
cortex [Mosconi, 2005]. In addition to measuring metabolic changes, PET has been used to
detect changes in transmitter activity over time, such as the age-related decrease in dopamine
transporters in specific brain areas in healthy subjects [Volkow et al., 1996].

Another interesting application of PET is the imaging of synaptic density by using a ligand
that binds to the synaptic vesicle protein SV2A. This approach has, for example, been used to
show synaptic loss in the hippocampus in patients with Alzheimer’s disease [Finnema et al.,
2016] and also to investigate alterations in a broad range of neuropsychiatric disorders [Cai
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et al., 2019].
PET imaging can be combined with MRI using specific PET/MRI acquisition systems. In

such simultaneous acquisition of PET and MRI, PET can measure transmitter release, receptor
occupancy, or glucose metabolism in addition to information about brain anatomy (MRI) and
brain activity (fMRI) [Werner et al., 2015].

7.3.2 Measuring Functional Change

Functional magnetic resonance imaging (fMRI) builds on MRI technology and allows for mea-
suring changes in brain activation through the blood oxygenation level dependent (BOLD)
effect [Hillman, 2014, Ogawa et al., 1990]. The BOLD signal results from neural activity
increasing oxygen consumption, which triggers a local increase in blood flow through mech-
anisms known as neurovascular coupling. This blood flow response causes an increase in
(diamagnetic) oxyhemoglobin and a decrease in (paramagnetic) deoxyhemoglobin that leads to
magnetic field distortions that fMRI can measure. While the BOLD signal is an indirect mea-
sure of brain activity [Poldrack, 2000], it offers great opportunities to study plasticity-induced
functional changes noninvasively in the human brain.

7.3.2.1 Functional Connectivity and Resting State

Functional connectivity refers to similarities in brain activations and synchronization of brain
regions and is assessed by measuring systematic coactivations between voxels, the spatial units
of measurement in MRI. These coactivations build “functional” networks that are often closely
aligned with anatomical structures, such as the default mode network [Guerra-Carrillo et al.,
2014]. Generally we can distinguish between resting-state connectivity and task-based connec-
tivity. Resting-state functional connectivity (rs-FC) measures spontaneous fluctuations in brain
activity when a participant is not engaged in a specific task. To examine plasticity, rs-FC before
and after an intervention are contrasted to capture experience-dependent plastic changes. A
notable example is the study by Newbold et al. [2020], in which participants’ dominant arms
were immobilized in a cast for two weeks, inducing motor deprivation. Using daily resting-state
fMRI scans, it was shown that cortical and cerebellar regions associated with the immobilized
limb disconnected from the broader motor network within forty-eight hours. Interestingly, the
internal connectivity within the unused subcircuit remained intact, and large spontaneous activ-
ity pulses were observed—suggesting a protective mechanism to preserve existing connectivity.
Critically, these changes were reversible: after the cast’s removal, the previously disconnected
regions gradually reintegrated into the motor network, with functional connectivity returning to
baseline levels within days. This study provides compelling evidence of the adult brain’s plas-
tic capacity and demonstrates how fMRI can effectively capture plastic changes in functional
connectivity in the human brain.
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In rs-FC studies, plastic changes are often tracked longitudinally, with pre- and postinter-
vention comparisons over weeks or months [Guerra-Carrillo et al., 2014, Powers et al., 2012,
Vahdat et al., 2011]. However, researchers increasingly explore ways to track plastic changes
on shorter timescales, such as during learning or memory formation, within individual experi-
mental sessions [Taren et al., 2017, Yuan et al., 2014].

In addition to resting-state measures, functional connectivity can be assessed while partici-
pants actively perform a task, using so-called task-based functional connectivity measures. In a
study by Allegra et al. [2020], functional connectivity was assessed continuously while partici-
pants performed a perceptual decision task where they had to identify the dominant direction of
motion of a random dot cloud. During the task, dot color became related to the response, mean-
ing that participants could switch strategy to successfully solve the task. On-task connectivity
measures revealed differences in connectivity when comparing periods of strategy optimization
and strategy change, showing a clear example of short-term, on-task network plasticity.

A variety of analytical tools are used to contrast different experimental conditions or track
changes in neural activation over time. For a more detailed overview, we point to the chapter
on Network Neuroscience Methods for Investigating Brain Plasticity in this textbook.

7.3.2.2 Univariate Analysis

Univariate analysis is one of the most commonly employed methods for examining brain func-
tion and has been successfully applied to track changes in neural activation. For example,
Moody et al. [2004] provided evidence of a compensatory shift in neural activity in Parkinson’s
disease patients. Specifically, as a result of diminished striatal function caused by their disease,
patients exhibited increased recruitment of the medial temporal lobe (MTL) during an implicit
learning task. This compensatory activation suggests an interaction between memory systems
involving the MTL and striatum. Similarly, Poldrack et al. [2001] demonstrated a dynamic
nature of memory system engagement during learning in healthy participants. Their findings
revealed a shift from early-stage learning, which primarily engages the MTL, to later stages
where MTL involvement decreases as the striatal system becomes increasingly recruited, re-
flecting a transition from declarative to procedural learning. Using univariate model–based
fMRI, Schuck et al. [2015a] showed in a spatial navigation task that, compared to younger
adults, older participants showed a shift toward more striatal activity that was related to pro-
cesses linked to the MTL in younger adults. This suggests that a dynamic interplay of neural
resources linked to memory is altered by age-related structural changes, in line with a wider line
of research on such shifts in aging [Zahodne and Reuter-Lorenz, 2019]. In combination, these
studies show how univariate techniques can reveal plasticity-induced changes in recruitment
of neural resources—either compensating for impaired functionality or, in healthy participants,
reflecting a dynamic shift in brain region engagement over the course of learning and memory
formation.
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A more recent approach for studying brain plasticity with fMRI is repetition suppression,
also known as fMRI adaptation. This method capitalizes on the observation that neurons exhibit
reduced responses to repeated presentations of the same stimulus, a phenomenon interpreted as
a marker of increased neural efficiency [Grill-Spector and Malach, 2001]. The physiological
basis for repetition suppression was first identified in primates, where neurons in the infer-
otemporal cortex showed decreased activity with repeated exposure to the same visual stimuli
[Barron et al., 2016b]. This suppression effect, now documented across various brain regions
and types of stimuli, reflects a general neural coding mechanism by which the brain optimizes
its response to repeated information.

Repetition suppression has emerged as a pivotal method for examining how neural repre-
sentations are fine-tuned through repeated exposure in human research. In an interesting study,
Barron and colleagues used repetition suppression to track the formation of associated memo-
ries after a short learning session, and also showed that such markers of plasticity can disappear
soon thereafter due to a process of inhibitory rebalancing, which presumably happens overnight
[Barron et al., 2016a]. This study thereby demonstrates how functional measures can provide
important insights into the complex nonlinear dynamics of plasticity, which previously also
have been documented using structural measures [Wenger et al., 2017]. Repetition suppression
has also revealed adaptations to the experienced structure of the environment that occur on short
time scales. Garvert et al. [2023] observed a cross-stimulus enhancement effect—essentially an
inverted form of suppression—emerging during a choice task, where this enhancement scaled
with spatial distance between stimuli. This effect indicates that participants updated their cog-
nitive maps in response to reward prediction errors encountered throughout the task.

7.3.2.3 Representational Similarity Analysis

A final set of analysis techniques applied to fMRI that has proven useful for studying plasticity
comes from multivariate pattern analysis (MVPA) approaches.

Here, one prominent approach is representational similarity analysis (RSA), which com-
pares activity patterns across conditions or time points by quantifying their similarity. A core
strength of RSA is that by focusing on a neural similarity space, it abstracts from many de-
tails of the neural recording (e.g., timescales or how many units were recorded). This allows
researchers to compare results across vastly different systems—for instance, between animal
electrophysiology and human fMRI, or between human neural activation patterns and simulated
computational models of brain function [Kriegeskorte et al., 2008].

An illustrative example of using RSA to track representational changes over time comes
from Bellmund et al. [2019a], who investigated how the lateral entorhinal cortex (lEC) repre-
sents temporal structure. In this study, participants learned temporal and spatial relationships
between objects encountered along a fixed route in a virtual city. By comparing multivoxel
pattern similarity before and after the learning task, Bellmund et al. [2019a] demonstrated that
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learning altered the neural representations of objects in lEC, such that they reflected the tem-
poral structure of the task. This approach highlights how the entorhinal cortex evolves to map
temporal structure in response to experience.

Another multivariate fMRI analysis technique is the application of classification algorithms
that can detect the presence or strength of activity patterns associated with particular stim-
uli. Using this approach, Shibata et al. [2012] could, for instance, show that motion detection
training leads to better classification of direction signals in the visual cortex. In another study,
Atir-Sharon et al. [2015] have shown that pattern classifiers can be used to predict future per-
formance in a semantic associative learning task, enabling the tracking of rapid plasticity pro-
cesses that underlie such learning. In yet another study, Schuck et al. [2015b] used decoding
to predict which participants would learn a visual-motor association before it was evident in
behavior, indicating that MVPA can be used to identify plasticity processes.

In conclusion, fMRI provides a powerful method for studying brain plasticity, especially
in longitudinal studies. Recent advances in techniques such as RSA, repetition suppression,
and pattern classification have significantly expanded our ability to detect dynamic changes in
neural activity patterns, offering deeper insights into core cognitive functions such as learning
and memory.

7.3.3 Noninvasive Brain Stimulation: TMS and tDCS

The final key addition to the arsenal of methods for studying brain plasticity that we want to
discuss is noninvasive brain stimulation techniques, such as transcranial magnetic stimulation
(TMS) or transcranial direct current stimulation (tDCS). These methods are not about measur-
ing plasticity but rather can induce plasticity by interfering with and stimulating neural activity
in the brain.

In TMS, a specific coil is used to produce a magnetic field that penetrates the scalp, inducing
a flow of electric current that stimulates the underlying tissue [Bestmann, 2008]. Stimulation is
generally limited to superficial areas of the cortex and can be of excitatory or inhibitory nature.
The exact mechanism underlying TMS is, however, a matter of active debate [Siebner et al.,
2022]. tDCS in contrast uses weak direct electrical currents that are continuously applied to
the scalp between two sponge electrodes. tDCS is thought to change the resting membrane
potential of neurons, causing lasting changes in cortical-evoked potentials.

TMS and tDCS can both be applied offline (before a specific task is administered) or online
(during the task). Depending on the stimulated area, stimulation-induced changes in neural
activity can have behavioral effects, such as changes in reaction times [Marshall et al., 2005]
or motor responses [Saucedo Marquez et al., 2013]. In a study using TMS to investigate effects
on language, for instance, Devlin and Watkins [2007] showed how TMS can induce so-called
speech arrest when stimulating areas of the scalp corresponding to the left inferior frontal cor-
tex. In this study, subjects were asked to count aloud and TMS stimulation resulted in subjects
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being unable to proceed with counting [Devlin and Watkins, 2007, Pascual-Leone et al., 1991].
This shows how TMS can induce a “virtual” temporary lesion that is consequently expressed
in behavioral changes and thus might help understand the plasticity processes that underlie real
lesions.

To better understand the neural changes induced by TMS or tDCS, researchers often con-
currently measure brain activations using imaging methods discussed above, such as EEG,
PET, or fMRI. Koolschijn et al. [2019], for instance, used tDCS stimulation in combination
with imaging and computational modeling to show how neural inhibition plays a role in pro-
tecting memories from interference. In their study, participants learned two overlapping but
context-dependent memories and fMRI was used in combination with RSA analysis to mea-
sure the neural representations and behavioral interference of these two memories. Next, tDCS
was applied to decrease the release of the neurotransmitter gamma-aminobutyric acid (GABA)
in interneurons which has been associated with neural inhibition. The decrease of GABA was
measured using noninvasive magnetic resonance spectroscopy (MRS). The authors found that
tDCS-induced reduction of GABA was associated with more interference between two over-
lapping memories, indicating that GABA and neural inhibition play a role in gating learning
and memory [Barron, 2021, Koolschijn et al., 2019]. Other examples of concurrent brain stim-
ulation and functional imaging are a range of studies showing the effects of focal stimulation
on neural network activity. Using TMS, for instance, Hartwigsen [2018] has shown that vir-
tual lesions of specific brain areas lead to up- or downregulation of activity in other areas of
a network—a phenomenon that has been interpreted as a flexible compensation mechanism
[Hartwigsen, 2018].

Single stimulation sessions are thought to produce transient activation changes, lasting ap-
proximately one hour. In addition to short-term changes, more persistent changes have been
reported for repeated stimulation [Monte-Silva et al., 2013]. Substantial variation in the re-
sponses to TMS or tDCS stimulation has been reported, highlighting the need for further re-
search into factors undermining stimulation effectiveness [López-Alonso et al., 2014, Vergallito
et al., 2022].

Recent developments further see the use of TMS and tDCS to treat chronic pain [Lefaucheur
et al., 2008] or in language therapy to promote language recovery in poststroke aphasia [Hamil-
ton et al., 2011, Hartwigsen and Volz, 2021].

7.4 Open Questions and Future Directions

The brain has an extraordinary capacity for reorganization in response to changing internal and
external demands. This plasticity can be observed across a range of contexts, from spontaneous
recovery following damage such as stroke or injury, to training-induced adaptations that occur
over extended periods. Neural plasticity occurs across multiple levels of neural organization,
ranging from microscopic molecular signaling changes to macroscopic adaptations in large-
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scale neural networks. The timescales of these plastic changes vary significantly, from rapid
changes within seconds or minutes on a microscopic level (such as LTP), to long-term struc-
tural adaptations and functional reorganization that unfold over hours, days, and years. While
invasive animal studies can directly examine mechanisms such as synaptic plasticity and neuro-
genesis at a finely resolved scale in time and space, noninvasive imaging and analysis methods
available in humans only access mostly macroscopic changes on slower timescales. Further-
more, they measure the biological processes indirectly—for instance, by tapping into magnetic
changes that track alterations in blood flow. Despite their indirectness, modern-day techniques
such as MRI and PET have provided unparalleled access to brain plasticity and the many ways
in which it manifests in the brain and behavior. Over the past decades we have also witnessed
a continued and significant improvement of our capacity to capture dynamic changes in the
human brain. Here, we have sought to provide an overview of many recent developments in the
study of neural plasticity in humans. We highlighted the diversity of analytical approaches that
researchers have employed and continue to develop. Innovative approaches that have shed light
on the multifaceted nature of plasticity include functional connectivity studies, VBM, RSA, or
multivariate decoding techniques. We have also provided examples of studies that have in-
tegrated noninvasive brain stimulation methods, such as TMS and tDCS, with neuroimaging,
showcasing the potential for studying plasticity by enabling temporary, reversible perturbations
and causal inference about brain function. Pairing these techniques with refined analysis tools
and improving neuroimaging should enable a better understanding of neural plasticity and sup-
port its clinical applications. Here we have covered some examples of studies that have used
sophisticated designs to advance our understanding of plastic long term changes in humans.
Newbold et al. [2020], for instance, used daily fMRI resting-state scans to show how restric-
tion of arm movement can result in rapid reorganization of functional connectivity; Koolschijn
et al. [2019] used a tDCS intervention in combination with magnetic resonance spectroscopy
and fMRI representational similarity analysis to show how neural inhibition protects memories
from interference.

We also highlighted that measuring within-person change requires careful consideration of
the study design, which ultimately determines and limits what we can measure. We have high-
lighted in particular how the study of plasticity calls for repeated within-person measurements,
and have provided examples where such designs have provided valuable contributions to our
understanding of plasticity.

There are promising ongoing developments in the field that we have not covered in this
chapter. Real-time neurofeedback (rtNFB) is one newly emerging technique, which allows
researchers to provide live feedback to participants about their brain activity during the exper-
imental session, with the goal to train the ability to one’s own brain activity [Sitaram et al.,
2017]. rtNFB has been applied to a variety of phenomena ranging from attention to memory
and motor control among others [deBettencourt et al., 2015, Scharnowski et al., 2015]. Sulzer
et al. [2013] provide an overview of the field, discussing progress and current limitations of
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rtNFB. Another recent advancement is transcranial ultrasound stimulation (TUS), which has
expanded the toolkit for noninvasive brain stimulation. TUS offers enhanced spatial precision,
which makes it particularly promising for targeting specific neural circuits with greater accu-
racy. Emerging evidence suggests that TUS may promote neurogenesis, adding a potentially
powerful approach for stimulating brain plasticity [Qin et al., 2024]. Another promising line of
methodological advancement is the development of ultra-high-field MRI and combined PET-
MRI. These technologies offer improved spatial resolution and greater detail on molecular and
structural changes, thereby reducing the gap between invasive animal studies and noninvasive
human research. Ultra-high-field MRI allows researchers to detect subtle structural changes
in the brain that are associated with plasticity [Zsido et al., 2023], while PET-MRI enables
simultaneous acquisition of structural and molecular data, providing more comprehensive in-
sights into the biological underpinnings of plasticity. Noteworthy progress is also being made
in neuroimaging analyses. Of particular interest are studies focusing on neural replay, the fast
sequential reactivation of neural activity patterns that is thought to play an essential role in con-
solidation, and thereby plasticity [Wittkuhn et al., 2021]. Replay was originally identified in
animal studies and long thought to be inaccessible with current techniques in humans. Thanks
to advances in both magnetoencephalography [Liu et al., 2019] and fMRI [Schuck and Niv,
2019, Wittkuhn and Schuck, 2021] analysis techniques, replay is now increasingly studied in
humans [Liu et al., 2022].

Notes
1Protons naturally spin on their axis, behaving like magnets themselves. When aligned with B0, they create

a net magnetization called M0. For imaging, short radio-frequency pulses are applied to stimulate the protons,
causing them to go out of phase and the magnetization to tip away from B0. MRI sensors then capture the
energy released from protons once they realign with the magnetic field. During this process of relaxation, the
magnetization at each time point can be described as the recovered longitudinal magnetization along B0 (T1) and
the remaining transverse magnetization that decays exponentially to 0 (T2). Different tissues such as fat or water
have different relaxation times, which in combination with a suitable pulse sequence, can be exploited to create
image contrast.

2T1W MRI leverages differences in longitudinal magnetization times between fat and water.
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Chapter 8

General Discussion

This thesis has examined the role of neural replay in shaping and utilising the internal rep-
resentations that support learning, memory, and decision-making. The first empirical project
demonstrated that replay during wakefulness supports the propagation of value across inferred
latent structure, linking trial-by-trial replay strength in visual cortex to non-local value updat-
ing. The second shifted the focus to sleep, showing that sequential reactivation during memory
retrieval undergoes a region-specific reorganisation across overnight consolidation: visual cor-
tex carried the sequential signal before sleep, and parietal cortex emerged as the dominant locus
after sleep. Together, these projects converge on a central theme. Replay is not a passive echo
of experience but an active computational process that builds, refines, and utilises the brain’s
internal models.

What follows takes a particular stance on how to interpret these findings. This discussion
treats “replay” not as a single mechanism with one canonical function, but as an umbrella
term for fast sequential activation, an implementational family whose most productive contem-
porary interpretation is as sampling from an internal generative model [Kurth-Nelson et al.,
2023, Schwartenbeck et al., 2023, Dayan et al., 1995]. On this view, value updating, planning,
memory consolidation, structure learning, and the construction of novel, never-experienced
sequences are not separate mechanisms competing for explanatory priority, but different down-
stream consequences of the same sampling operation, shaped by task demands. A recent for-
mal treatment by Sagiv et al. [2025] makes a version of this claim quantitatively explicit: the
“value” and “map” hypotheses of replay can be recovered as limiting cases of a single pri-
oritisation framework in which replay targets trajectories informative for current and possible
future goals, weighted by the agent’s beliefs about which goals are likely to matter. The um-
brella framing does not dissolve the distinctions between replay’s proposed functions, but it
reorganises them. What differs across brain states and tasks is not the mechanism, but what the
sampling is for.

The discussion is organised around two interconnected threads. The first concerns function:
what does the sampling do in the empirical work of this thesis, and how do the two projects
map onto the umbrella view just sketched? The second concerns detection methods: how do
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we detect fast sequential activation in humans, and what are the consequences of our method-
ological choices for the conclusions we can draw? These threads are not independent. What
we can conclude about the function of replay is constrained by how we measure it, and the
theoretical questions we wish to answer should drive the development of better tools.

8.1 Overview of Contributions

This thesis comprises three contributions. The following overview characterises each in terms
of its question, design, and main findings, before the two subsequent sections develop the
theoretical and methodological implications in greater depth.

8.1.1 Contribution 1: Latent cause inference, value generalisation, and
neural replay during wakefulness

The first empirical contribution combined fMRI with computational modelling to examine how
humans discover hidden reward structure and how neural replay supports the propagation of
value across that structure. The study enrolled 52 participants in a two-day fMRI experiment
centred on a sequential bandit task in which three of four options shared a common latent re-
ward source. Successful performance required inferring the latent correlation structure from
experience, a problem formalised here as latent cause inference [Gershman et al., 2010, Ger-
shman and Niv, 2015], and then generalising value changes from observed to unobserved but
structurally linked options.

On the behavioural side, participants showed systematic improvement in reversal-trial gen-
eralisation across the session, rising from approximately chance-level performance early in
training to above-chance performance in the final two blocks. A latent cause inference model
fitted to individual choice sequences outperformed standard temporal-difference accounts, in-
cluding clairvoyant variants with access to the true latent structure from trial one. The model
captured not only group-level learning trajectories but also individual differences. Participants
achieving higher overall accuracy were best described by models inferring fewer latent causes
enabling value generalization, and the degree to which the model showed selective non-local
updating during reversals predicted individual reversal performance.

The neural analyses used the sequential slope ordering analysis approach applied to 18-
second inter-stimulus intervals distributed across the task. Several novel findings emerged.
Backward replay in visual cortex was selective for unobserved sequences sharing a latent re-
ward source, and was absent for unrelated sequences and for sequences corresponding to the
stimuli just observed, ruling out stimulus-driven residual activation as a confound. Replay
strength increased across the session in line with participants’ accumulating structural knowl-
edge. Trial-by-trial fluctuations in replay were best predicted by non-local value updating de-
rived from the participant-specific LCI model, at a granularity that distinguished which unob-
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served path was being updated on a given trial. A metric capturing structural inference rather
than value propagation did not reach significance in the same analysis. Replay strength also
predicted behavioural accuracy over subsequent trials, positioning replay as prospective rather
than merely reflecting past experience.

On the second day, the latent structure was covertly altered mid-session by reassigning one
option to the previously independent reward source. This manipulation revealed a striking di-
rectional reorganisation of replay: associations that had been valid on Day 1 continued to elicit
backward replay, whereas the newly valid generalisation links showed reliable forward sequen-
tiality after the change, and a direct pre-versus-post comparison confirmed that this directional
shift exceeded the pre-change baseline. The LCI model continued to account for trial-by-trial
replay fluctuations on Day 2, and a representational similarity analysis of medial temporal
lobe activity showed that MTL pattern geometry aligned progressively with the shared reward
structure during Day 1, remained elevated at the start of Day 2, and reorganised following the
structural change.

Taken together, these results provide the first direct evidence linking latent cause inference,
as a formal model of structure discovery, to neural replay measured with fMRI, showing that
replay is tightly coupled with the ongoing inference process in a manner consistent with a
non-local value-updating function.

8.1.2 Contribution 2: Sleep-dependent reorganisation of sequential reac-
tivation during memory retrieval

The second empirical contribution examined whether the regional profile of sequential memory
reactivation during retrieval changes across a night of sleep, as the systems consolidation frame-
work would predict. Thirty-nine participants (34 providing complete neural data) completed
a hierarchical sequence memory task in which objects were organised into ordered sequences
embedded within scenes and contexts, creating a three-level memory structure. Retrieval was
assessed by fMRI both before and after overnight sleep, permitting a within-participant com-
parison of how the neural basis of retrieval reorganises across consolidation.

Behaviourally, retrieval accuracy was stable across sessions, with a modest 2–3 percentage-
point improvement and a larger and more reliable decrease in reaction times from evening
to morning. This relative behavioural stability is theoretically important, any session-related
changes in neural signatures cannot be attributed to large shifts in memory strength and instead
implicate representational reorganisation.

The central finding concerns the regional profile of sequential reactivation measured by
SODA. Collapsing across sessions, robust sequential reactivation was detectable in visual cor-
tex, medial temporal lobe, and parietal cortex, with effects surviving false-discovery-rate cor-
rection for both the absolute SODA metric and a complementary sinusoidal amplitude measure
developed to address phase cancellation across trials. When sessions were examined sepa-
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rately, a dissociation emerged: before sleep, only visual cortex showed significant sequential
reactivation. After sleep, parietal cortex emerged as a significant locus while visual cortex no
longer reached significance. Parietal cortex showed a region-specific retrieval-by-session in-
teraction that strengthened in a trial-matched analysis equating trial counts across sessions and
was confirmed by both metrics after multiple-comparison correction. The parietal signal was
concentrated in the first post-sleep retrieval block and decayed over the course of the second.
MTL sequential reactivation also emerged post-sleep, though this effect did not survive cor-
rection in the trial-matched analysis, leaving open the question of whether it reflects genuine
consolidation-dependent change or a power advantage of the larger post-sleep dataset.

Brain–behaviour correlations linked replay to memory at the individual-differences level.
Participants with stronger visual cortex replay and stronger parietal cortex replay retrieved
more objects correctly, with both associations surviving false-discovery-rate correction. MTL
replay showed a trend toward the same association, which strengthened post-sleep. A shuffled-
label validation analysis established that the absolute SODA metric captures a composite of
sequential ordering and general reinstatement strength, motivating interpretive caution. The
session-dependent regional shift constitutes evidence for changes in how and where memories
are retrieved after sleep, but whether the underlying signal is driven by genuine temporal or-
dering or elevated non-sequential reinstatement of retrieved items remains an open question
addressed in the limitations.

Methodologically, this study introduced the sinusoidal amplitude metric as a phase-invariant
complement to the trial-averaged SODA slope, motivated by simulation work revealing that
phase cancellation across trials with variable onset timing can severely attenuate or eliminate
trial-averaged signals. These simulation results, reported in Thread 2 below, emerged directly
from applying the SODA method to a retrieval context and constitute an independent analytical
contribution of the thesis.

Together, the sleep project provides the first application of SODA to sequential memory
retrieval across overnight consolidation.

8.1.3 Contribution 3: Neuroscience methods for investigating brain plas-
ticity

The third contribution is a methodological book chapter, published in The Oxford Handbook of

Cognitive Enhancement and Brain Plasticity [Verra et al., 2025], which provides a systematic
overview of the noninvasive tools available for studying structural and functional brain plas-
ticity in humans. The chapter covers T1-weighted MRI and positron emission tomography as
the principal structural methods, discusses fMRI analysis approaches ranging from univariate
activation contrasts to resting-state connectivity and multivariate representational analyses, and
reviews noninvasive brain stimulation techniques as tools for both inducing and probing plas-
ticity. It also addresses the timescales over which plastic changes are observable, the limits
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of current methods for detecting fast or microscopic changes, and the design considerations
necessary for valid inferences about experience-dependent neural change.

8.2 Thread 1: The Functional Architecture of Replay

8.2.1 Reframing replay: an umbrella for sampling from a generative
model

A useful way to reconcile the diversity of proposed replay functions is to recognise that they
may all reflect different read-outs of a common underlying generative model. Such a model is
best understood as an internal, probabilistic account of how latent causes and structural regu-
larities in the environment give rise to observable experience, and it can be run "forwards" to
sample or simulate trajectories, states, or configurations that need not have been directly ex-
perienced [Dayan et al., 1995]. Under this view, replay is a mechanism for drawing samples
from such a model [Kurth-Nelson et al., 2023]. Value updating, planning, consolidation, and
structure learning can then be cast as different uses of the same sampling machinery, prop-
agating reward signals through simulated trajectories, evaluating candidate futures, training
cortical representations on model-generated experience, or assembling known elements into
novel configurations to derive new knowledge [Behrens et al., 2018, Wittkuhn et al., 2021,
Schwartenbeck et al., 2023].

This unifying stance is to some extent already present in classical computational accounts.
In the DYNA architecture [Sutton, 1991], value updating and planning are linked. Simulated
experience is fed into the same learning rule that updates values during direct experience, and
the updated values guide subsequent choices. Whether we describe a given replay event as
“updating values” or as “planning” depends on whether we focus on the learning rule applied
to the replayed transition or on the behavioural consequence of the updated policy. Similarly,
the complementary learning systems framework [McClelland et al., 1995] predicted that inter-
leaved offline replay during sleep would both transfer information to cortical networks (consol-
idation) and extract statistical regularities across episodes (structure learning), as two effects of
the same interleaved training regime.

More recent accounts push this unification further. The generative replay framework of
Schwartenbeck et al. [2023] and the compositional computation view of Kurth-Nelson et al.
[2023] both treat the hippocampus as a generative model capable of sampling novel sequences
by recombining learned elements. On this view, what we describe as “consolidation” (the grad-
ual emergence of abstract representations in the cortex), “planning” (the evaluation of hypothet-
ical trajectories), “structure learning” (the extraction of compositional rules), and “gap-filling”
(the inference of transitions that were never directly experienced but are implied by learned
structure) may all be downstream effects of a generative sampling process.

Sagiv et al. [2025] have recently made a version of this unification formally explicit. They
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extend Mattar and Daw [2018]’s prioritised replay framework to a setting in which the locations
of rewards are unknown or dynamic, and show that the “value” hypothesis (replay to guide cur-
rent choices) and the “map” hypothesis (replay to build and maintain an abstract representation
of the environment) are special cases of a single prioritisation rule. The rule weighs trajecto-
ries by their expected usefulness for current and possible future goals, so the balance between
goal-directed and map-building replay depends on the agent’s beliefs about which goals are
likely to become relevant. This reconciles the “paradoxical” observation that replay sometimes
lags rather than leads behavioural learning, and can even be biased toward no-longer-preferred
outcomes after reward revaluation [Carey et al., 2019, Gillespie et al., 2021], and it provides
a quantitative handle on when replay should prioritise value propagation and when it should
prioritise the maintenance of a more general, successor-like representation of the environment,
which Sagiv et al. [2025] formalise as a Geodesic Representation.

8.2.2 Two read-outs of one generative model

Under the umbrella view, the two empirical projects of this thesis can be read as complementary
sampling processes serving different functional purposes.

The first project (Chapter 5) instantiates sampling for value updating. The trial-by-trial
alignment between backward replay and the non-local value updates prescribed by the participant-
specific LCI model places this work alongside the MEG findings of Liu et al. [2021b], who
showed that backward replay at reward receipt preferentially targeted non-local paths. What
the present results add is that the underlying inferential machinery, here a latent cause model
rather than a fixed task graph, is itself updated online, and that replay content reorganises di-
rectionally when the inferred structure changes. Sampling, in other words, is tied to the current
state of the generative model, not to the agent’s recent sensory history.

The second project (Chapter 6) instantiates sampling at retrieval through a generative model
that has been reorganised by overnight consolidation. The post-sleep emergence of parietal
sequential reactivation aligns with the systems-consolidation prediction of hippocampal-to-
cortical redistribution [Born et al., 2006, McClelland et al., 1995, Brodt et al., 2023], and with
the role of parietal cortex in multi-feature binding during episodic retrieval [Shimamura, 2011,
Rugg and King, 2018]. The overall pattern is, however, only partially consistent with a strict
reading of this framework. The MTL effect that emerged post-sleep but did not survive trial-
matching admits two interpretations: a statistical artefact of the session-asymmetric power, or
a genuine persistence of hippocampal engagement during early cortical integration, consistent
with accounts in which the hippocampus does not fully disengage following consolidation [Sek-
eres et al., 2017, Moscovitch et al., 2016]. Distinguishing these possibilities requires analyses
beyond what is reported here and will be taken up in the forthcoming publication.

Both empirical projects detected sequential replay in visual cortex, but this commonal-
ity should not be overinterpreted. Replay is likely generated centrally and expressed across
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whichever cortical regions represent the replayed content [Kurth-Nelson et al., 2023, Wittkuhn
et al., 2021]. Because both tasks used visual object stimuli and classifiers were trained on
stimulus-evoked patterns in ventral visual areas, visual cortex is simply where decoding has the
highest sensitivity to replay of these particular representations. What matters for interpretation
is not the cortical site but what modulates the signal and which task demands are active.

The two projects also differ in the behavioural context in which sampling was measured.
In the first, replay occurred without any retrieval demand and was prospective in character.
In the second, replay was measured during effortful cued recall and was concurrent: stronger
reactivation accompanied better retrieval within the same session. This dissociation maps onto
a distinction between two modes of sampling. Prospective updating, which propagates value
for future decisions, and reconstructive retrieval, which reinstates encoded sequences to support
current memory access.

The two projects converge on what may be the most fundamental empirical observation
of this thesis. Replay content is shaped by the agent’s goals and how the internal model is
leveraged to achieve them, rather than by recent sensory history. In the first project, the sensory
control elicited no post-sensory replay; in the second, sequential reactivation was specific to
retrieved sequences relative to matched controls.

8.3 Thread 2: Detecting Replay in Humans

8.3.1 The fundamental measurement problem

The study of neural replay in humans faces a measurement challenge that is absent in rodent
electrophysiology. In rodents, simultaneous recordings from large populations of place cells
provide direct access to individual replay events [Wilson and McNaughton, 1994, Foster, 2017,
Davidson et al., 2009]. In humans, no currently available non-invasive method can achieve this
level of temporal and spatial precision simultaneously. fMRI provides millimetre-scale spatial
resolution across the whole brain but samples the BOLD signal on a timescale of seconds, tem-
porally blurring events that unfold on the millisecond scale. MEG and EEG offer millisecond
temporal resolution but with limited and uncertain spatial localisation, particularly for subcorti-
cal sources such as the hippocampus. Source localisation techniques applied to MEG and EEG
data, as well as spectral analyses of SODA slope timecourses in fMRI, attempt to mitigate these
respective limitations but cannot fully overcome them.

8.3.2 TDLM

Temporally delayed linear modelling (TDLM), introduced in Chapter 2, has produced some of
the most compelling evidence for human replay to date. Liu et al. [2021b] used it to detect
two physiologically distinct replay signatures at the moment of reward receipt: a fast forward

135



replay likely reflecting local experience encoding, and a slower backward replay that scaled
with normative utility and preferentially represented non-local paths. Schwartenbeck et al.
[2023] extended TDLM to detect generative replay during compositional reasoning, showing
that replay sequences predicted participants’ eventual solutions. A recent methodological in-
vestigation by Kern et al. [2026] begins to explore how TDLM performs outside these rela-
tively favourable, task-locked regimes. They collected MEG during an 8-minute resting state
immediately after participants had learned a graph of object associations to criterion, applied
a pipeline closely following Liu et al. [2019, 2021b], and found no sequenceness at any time
lag, in either direction, and no correlation with subsequent memory. Because an empirical
null is inherently ambiguous, they complemented this with a hybrid simulation in which real
neural patterns extracted from the localiser were inserted into a control resting state at varying
densities, providing a more direct window onto the sensitivity of the pipeline. Two observa-
tions from that simulation highlight important open questions for the interpretation of TDLM
results. First, sequenceness only surpassed permutation significance at relatively high replay
densities, on the order of one event per second, substantially above the sharp-wave ripple rates
typically reported for human intracranial resting state. Second, sequenceness values exhib-
ited systematic, participant-specific baseline offsets in the control resting state that could be
comparable to or larger than the sequenceness increase induced by inserted replay at plausi-
ble densities, raising the possibility that brain–behaviour correlations in resting-state analyses
may partly reflect baseline variability rather than the replay signal of interest. A bootstrap
power analysis suggested that relatively large samples may be needed to reliably detect such
correlations. Importantly, these findings do not undermine the TDLM evidence obtained in
task-locked designs with strong within-trial contrasts, where sequenceness is computed over
short windows in which brief high-density replay bursts are plausible. They do, however, point
to a set of challenges that the field will need to address as it moves toward applying TDLM
in more unconstrained settings. Establishing plausible replay-rate priors, validating pipeline
sensitivity against realistic hybrid simulations, and developing approaches that can better dis-
entangle baseline variability from genuine replay signals are all promising directions that could
strengthen the interpretability of resting-state TDLM analyses going forward.

8.3.3 SODA

The sequential slope ordering analysis (SODA) method, developed by Wittkuhn and Schuck
[2021] for fMRI data, takes a complementary approach. SODA exploits the fact that the slow
hemodynamic response acts as a temporal integrator. When items in a sequence are reacti-
vated in rapid succession, their overlapping BOLD responses create a systematic ordering in
classifier-decoded probabilities that can be read out at each fMRI time point. At each TR, se-
quence position is regressed onto decoded probabilities, the resulting slope indexes the degree
and direction of sequential reactivation.
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A key advantage is the available spatial resolution: fMRI provides whole-brain coverage
at millimetre resolution, enabling the study of where replay occurs and how it is coordinated
across brain regions. This is precisely the information needed to disambiguate the signal origin
separating cortical from subcortical replay signals. Wittkuhn and Schuck [2021] demonstrated
that SODA can detect sequential structure at speeds far faster than the fMRI sampling rate.
Wittkuhn et al. [2025] subsequently linked SODA-detected backward replay in visual cortex to
implicit SR learning, and Schuck and Niv [2019] showed that hippocampal fMRI signals dur-
ing post-task rest contain sequential structure consistent with replay of nonspatial task states.
However, SODA carries its own set of assumptions and failure modes, which we have started
to explore through simulation work.

8.3.4 What simulations reveal about SODA

To characterise SODA’s assumptions and failure modes, we ran a set of targeted simulations
probing how the detection metrics respond under varying assumptions about replay timing,
classifier behaviour, and statistical inference. The following four observations are directly con-
sequential for how fMRI replay studies should be designed, analysed, and interpreted.

Phase cancellation degrades trial-averaged signals

If replay events occur at variable times within the analysis window across trials, as they al-
most certainly do during unconstrained rest or self-paced retrieval, averaging raw SODA slope
timecourses across trials produces destructive phase cancellation. Our simulations show that
even modest jitter, on the order of a single fMRI volume, severely degrades the amplitude of
the trial-averaged signal (Figure 8.1). A closely related problem arises within a trial when
multiple replay events co-occur: their slope signatures combine constructively or destructively
depending on their relative timing (Figure 8.2), and when forward and backward events over-
lap within the same analysis window their opposing sinusoidal signatures can partially or fully
cancel, rendering both invisible to the SODA metric. This is not a purely theoretical concern.
Liu et al. [2021b] demonstrated that forward and backward replay co-occur at the moment of
reward receipt, albeit at different speeds, and there is no obvious reason to assume that for-
ward and backward events do not co-occur during rest or retrieval as well. Both failure modes
are rooted in the same problem, trial averaging assumes that the phase of the signal is stable
across the units being averaged, and when it is not, contributions cancel. A natural remedy
is therefore to compute summary metrics at the single trial level, where the phase structure
of each event is still intact, and only then aggregate across trials. This finding directly mo-
tivated the phase-insensitive analysis strategy adopted in the second empirical project of this
thesis. Rather than averaging signed slope timecourses, we used two complementary measures:
the absolute SODA slope, which prevents positive and negative phases from cancelling one an-
other, and a sinusoidal amplitude (SinAmp) obtained by fitting a sinusoidal model to each trial’s
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Figure 8.1: Onset jitter degrades trial-averaged SODA signals. Trial-averaged SODA slope
timecourses (mean ± SEM, bold black line; individual trials in light grey) under increasing
across-trial onset jitter. (A) With no jitter (SD = 0 TR), the trial-averaged slope produces a
clean biphasic sinusoidal signature. (B) Modest jitter (SD = 1 TR) already substantially atten-
uates the amplitude. (C, D) Larger jitter (SD = 2–3 TRs) eliminates the trial-averaged signal
almost entirely, even though individual trials still contain the underlying sequential structure.

SODA time course. The general implication is that any analysis relying on averaging decoded
timecourses across trials with variable event timing or mixed directionality risks dramatically
underestimating the true prevalence and strength of replay.

Heterogeneous classifier performance distorts the SODA waveform and biases direction-
ality

SODA’s slope metric assumes that all items in a sequence are decoded with approximately
equal accuracy. In practice, classifiers rarely achieve uniform performance across stimulus
classes, and our simulations show that even modest gradients in classifier sensitivity across
sequence positions distort the expected shape of the SODA timecourse. For a genuine se-
quential reactivation event, the SODA slope approximates a sinusoid whose positive and neg-
ative half-cycles have roughly equal amplitude. When classifier sensitivity is uneven across
positions, these two half-cycles take on different amplitudes, and the resulting asymmetric si-
nusoid is systematically biased toward the direction in which the accuracy gradient runs: if
early-position items are decoded more accurately, the positive (“forward”) half dominates, and
if late-position items are decoded more accurately, the negative (“backward”) half dominates
(Figure 8.3). Heterogeneous classifiers thus do not generate spurious replay signals, but might
distort directional interpretation. Without careful counterbalancing, any claim about forward
versus backward replay drawn from SODA can be shaped by a residual accuracy gradient in
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Figure 8.2: Multiple forward replay events within a single trial can either reinforce or
cancel one another depending on their relative timing. SODA slope timecourses for (A) a
single forward event and (B–D) two forward events separated by a 1-TR, 2-TR, and 3-TR gap
respectively (event onsets marked by blue triangles; positive slope phases shaded blue, negative
phases shaded orange). At a small inter-event gap (B), the positive half-cycles of the two events
overlap and reinforce one another, producing a combined signature larger in amplitude than the
single-event case. At a 2-TR gap (C), the constructive amplification largely cancels out and
the combined signature is comparable in amplitude to a single event. At a 3-TR gap (D), the
positive half-cycle of the second event lands on the negative half-cycle of the first, producing
partial destructive cancellation: the combined signature is smaller in amplitude than a single
forward event, even though two events are present. A combination of forward and backward
events would complicate this picture further still, since opposing sinusoidal signatures from
oppositely directed events can attenuate or eliminate one another entirely.
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Figure 8.3: Heterogeneous classifier performance distorts the SODA waveform and biases
its directionality. Per-class probability timecourses (coloured lines, left axis) and the resulting
SODA slope (black line, right axis) for three classifier-amplitude configurations. (A) Equal
amplitudes across all sequence positions: the SODA slope is a symmetric sinusoid. (B) De-
creasing accuracy gradient (best at the start, worst at the end): the forward (positive) half-cycle
dominates, biasing the metric toward apparent forward replay. (C) Increasing accuracy gradient
(worst at the start, best at the end): the backward (negative) half-cycle dominates, producing
the opposite bias. The shape distortion is purely a property of the classifier amplitude gradient,
not of the underlying neural sequence.

the underlying classifiers. The most reliable solution is at the design level, counterbalancing
sequence positions across stimuli so that any accuracy gradient averages out across conditions.

Z-scoring does not fix the heterogeneity bias

A natural methodological response to the heterogeneity bias described above is to rescale
each classifier’s probability timecourse before computing the slope, most commonly through
per-class z-scoring within each trial. Our simulations show that this intuition bears its own
caveats. At the single-trial level, z-scoring does remove the amplitude-induced shape asym-
metry, and the slope timecourse recovers a symmetric forward / backward pair (Figure 8.4,
panels B vs. E). However, when the weakest classifier in the set drops to or near the noise floor,
z-scoring divides its pure noise by its own small within-trial SD, promoting it to full weight
in the slope regression and injecting spurious peaks into the post-signal window that are com-
parable in magnitude to the true sequential reactivation (Figure 8.4, panels C vs. F). Whether
z-scoring helps or harms therefore depends not on the amount of classifier heterogeneity but
on whether the weakest classifiers still carry signal above their own noise floor. Furthermore,
the absence of a probability peak need not reflect poor classifier accuracy; it may simply in-
dicate that a particular state was not reactivated on that trial. Because the tested sequence is
an experimenter decision, and SODA evaluates all states in that sequence jointly, z-scoring a
flat, uninformative timecourse inflates its noise to the same scale as genuine reactivation peaks,
thereby amplifying noise and introducing spurious replay signal.
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Figure 8.4: Per-class z-scoring re-symmetrises the SODA waveform but contaminates the
post-signal window when any classifier approaches the noise floor. Single-trial classifier
probability timecourses (coloured lines) and the resulting SODA slope (black line) under raw
(A–C) and z-scored (D–F) pipelines, for three classifier-amplitude configurations: homoge-
neous (A, D), heterogeneous with all items above the noise floor (B, E), and weak items at
the noise floor (C, F). A vs D: both pipelines produce symmetric slope waveforms. B vs E:
raw SODA shows an asymmetric signature biased by the amplitude gradient, while z-scoring
re-symmetrises the sinusoid at the cost of discarding amplitude information. C vs F: z-scoring
divides the pure noise of the weakest classifiers by their own small within-trial SD, promoting
it to full weight in the slope regression and producing spurious peaks in the post-signal window
comparable in magnitude to the true sequential reactivation.
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Permutation nulls are not exchangeable

A natural way to ask whether an observed SODA slope reflects genuine sequential reac-
tivation is to compare it against a null distribution constructed by permuting sequence labels.
However, this strategy is not straightforward. The SODA slope is sensitive to the overall lin-
ear trend in decoded probabilities and therefore responds even to partial orderings, such as a
sequence that is almost correct but with one pair of adjacent items swapped. Because of this,
random permutations of sequence labels do not produce a uniform null distribution. The per-
muted set is dominated by near-correct orderings with substantial slope values, and the true
ordering sits on a fat tail rather than on a sharply separated peak. Significance tests built on
such permutation nulls are therefore overly conservative, and the absence of a significant effect
should not be read as the absence of sequential reactivation. The practical recommendation is
to prefer well-matched control conditions, for example pre-task rest or control sequences built
from the same items in a different learned order, over naive permutation testing, and to treat
marginally significant permutation-based results with caution. However, comparing against a
control sequence composed of items drawn from a different, non-reactivated set introduces a
different problem: a significant slope may be driven by the reactivation of individual items
rather than by genuinely sequential replay, and therefore might not necessarily represent the
full sequence, as discussed in Chapter 6. Evidence of sequentiality in the target sequence over
a control condition is therefore necessary but not sufficient for establishing genuine replay, as
it can also arise from the reactivation of individual items alone.

8.4 Limitations and Open Questions

Several questions lie beyond what the current generation of non-invasive methods and task
designs can resolve. Rather than framing these as defects of the present work, the points that
follow identify boundary conditions on what fMRI-based replay research, and this thesis in
particular, can currently say and what might be promising future directions.

8.4.1 Dissociating structure learning from value updating

A central ambiguity runs through the first empirical project. The latent cause inference model
was used to derive both structure-learning and value-updating signals, and both are driven by
the same experimental events: reward reversals that simultaneously carry information about
the value of individual sequences and the latent structure. The finding that trial-wise replay
strength was better explained by non-local value updates than by a structure-learning metric is
suggestive, but the close temporal coupling between structural inference and value propagation
means that the two signals are difficult to dissociate statistically. It remains possible that replay
contributes to structure learning in ways that are not captured by the metrics used here, or that
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both processes draw on replay but with different temporal profiles or neural substrates that the
current design cannot resolve. Future work could address this by experimentally decoupling
structural change from value change, for example through paradigms in which the latent cause
structure is altered without accompanying reward reversals.

8.4.2 Scope and interpretive constraints of the sleep project

The second empirical project reports neural analyses based on a substantial sample, and the
central pre-sleep versus post-sleep comparison of sequential reactivation has been completed
with robust results. The parietal emergence effect survives multiple-comparison correction in
the trial-matched analysis and is confirmed by two independent metrics. Nevertheless, several
constraints should be noted. The pre-sleep session comprised one retrieval block while the
post-sleep session comprised two, creating a power asymmetry. The trial-matched analysis,
which restricts the post-sleep data to the first retrieval block, addresses this concern and in fact
strengthens the parietal effect, but the asymmetry means that the MTL post-sleep result (which
emerged only in the full-data analysis) should be interpreted cautiously. Furthermore, as dis-
cussed in detail in the sleep chapter, the shuffled-label validation demonstrated that the absolute
SODA metric captures a composite signal reflecting both sequential ordering and general re-
instatement strength. The regional shift from visual to parietal cortex across sleep therefore
constitutes evidence for sleep-dependent changes in the neural basis of retrieval, but whether
the underlying signal is fully sequential or partly driven by elevated non-sequential reinstate-
ment of retrieved items remains an open question.

8.4.3 The MTL puzzle

A finding that recurs across both empirical projects is the complex and partially unexpected
behaviour of the medial temporal lobe. In the first project, MTL showed broad, relatively non-
selective replay across all sequence conditions, in contrast to the sequence-specific backward
replay detected in visual cortex. In the second project, MTL replay emerged post-sleep rather
than declining as a strict interpretation of systems consolidation might predict, and its signif-
icance was limited to the full-data analysis (not surviving in the trial-matched comparison),
raising the possibility that the MTL post-sleep effect reflects the greater statistical power of
two post-sleep retrieval blocks rather than a genuine consolidation-related increase.

Two interpretations, not mutually exclusive, may account for the MTL pattern across the
two studies. First, classifier sensitivity in MTL was substantially lower than in visual cortex
in both empirical projects, which may constrain the granularity with which sequence-specific
replay can be resolved, obscuring selectivity that is genuinely present in the underlying neu-
ral activity. Second, the MTL may play a qualitatively different role, for example providing
a structural scaffold or indexing signal that drives more selective replay in cortical regions
[Kurth-Nelson et al., 2016], rather than expressing sequence-specific content itself. This in-
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terpretation is consistent with the first project’s finding that MTL replay correlated with visual
cortex replay across all conditions, and with the second project’s observation that the region-
specific session effect was carried by parietal cortex rather than MTL. If the signals detected in
cortex are read-outs of hippocampally driven signals, then the spatial localisation provided by
fMRI tells us where replay is expressed but not necessarily where it is generated.

8.5 Outlook

The two threads of this discussion converge on what this thesis specifically establishes and on
the open questions that remain. Across the two empirical projects, the common functional pic-
ture is that replay is structured jointly by the agent’s inferred model of the environment and
by the functional goal it serves, rather than by recent sensory exposure. In the first project,
backward replay in visual cortex tracked inferred latent cause structure, aligned with trial-by-
trial non-local value updating rather than structural inference per se, and reorganised its content
and direction when the latent structure changed. In the second, the regional profile of sequen-
tial reactivation during active memory retrieval shifted from visual to parietal cortex across
overnight sleep, with parietal replay predicting retrieval accuracy at the individual-differences
level. These findings add to a growing literature establishing that sequential reactivation in
the human brain reflects task structure and value, is modulated by learning stage and sleep,
and predicts subsequent memory and decision quality [Liu et al., 2021b, Wittkuhn et al., 2025,
Schuck and Niv, 2019]. They also underscore that interpreting the signals we record remains
constrained by methodological choices whose consequences are only beginning to be system-
atically characterised. Four directions seem particularly consequential for the next generation
of replay research.

First, moving from detection to manipulation. The most compelling evidence for the causal
role of replay in consolidation comes from targeted memory reactivation (TMR) studies [Rasch
et al., 2007, Siefert et al., 2024, Geva-Sagiv et al., 2023], but TMR manipulates memory reac-
tivation at the level of whole items or categories rather than at the level of specific sequential
patterns. Developing methods to selectively enhance or disrupt sequential replay, for example
through closed-loop neurostimulation triggered by decoded replay events, would provide the
causal tests needed to move beyond the correlational evidence obtained in this thesis [Kurth-
Nelson et al., 2023, Girardeau et al., 2009].

Second, bridging the gap between replay and representational change. This thesis has ex-
amined the two in parallel rather than connecting them directly. The first empirical project
failed to find a link between representational change captured by representational similarity
analysis and replay. The second empirical project has so far focused on replay detection with-
out examining representational change, which will be included in the upcoming publication.
A natural next step is to ask whether the content of replay during sleep predicts the specific
representational changes observed after sleep.
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Third, developing better computational models. Current computational accounts of replay
tend to focus on one function at a time (e.g. value updating, consolidation, or structure learn-
ing). The generative replay framework of Schwartenbeck et al. [2023] and the SR-based ac-
counts [Russek et al., 2017, Wittkuhn et al., 2025] represent steps toward unification, and recent
models of autonomous hippocampal–cortical interactions during sleep [Singh et al., 2022] and
generative consolidation via variational autoencoders [Spens and Burgess, 2024] have begun
to formalise how replay transforms representational content during consolidation. A fully in-
tegrated model that accounts for replay across brain states, learning stages, and task demands
remains elusive.

Fourth, advancing how replay is detected robustly in human neuroimaging. Thread 2 has
shown that both of the dominant detection methods rest on assumptions that are only beginning
to receive systematic scrutiny [e.g., Wittkuhn and Schuck, 2021]. For TDLM, Kern et al. [2026]
made several of these assumptions explicit and showed that detection at the group level requires
high replay densities, and that sequenceness-behaviour correlations can be shadowed by sys-
tematic baseline offsets rather than driven by the replay one intends to detect. For SODA, our
simulation work mapped the failure modes arising from onset jitter, classifier heterogeneity, and
the non-exchangeability of permutation nulls, and showed that constructing appropriate control
conditions for statistical testing is considerably more delicate than a naive label-permutation
test implies.

In sum, the functional contributions of this thesis are twofold: the first empirical project
established that replay during wakefulness tracks inferred latent cause structure and propa-
gates value across it on a trial-by-trial basis. The second showed that the regional profile of
sequential reactivation during retrieval shifts from visual to parietal cortex across overnight
consolidation, with the parietal emergence consistent with the redistribution of memory rep-
resentations toward associative cortex, though the MTL pattern does not fit straightforwardly
within this framework, as the post-sleep MTL effect only survived in the full-data analysis and
may reflect the power asymmetry between sessions rather than a genuine consolidation-related
change. The methodological contributions presented simulation work that characterised failure
modes of the SODA metric and motivated the phase-invariant analysis strategies employed in
the sleep project, while placing both SODA and TDLM within a critical framework for human
replay detection more broadly. Together, these contributions advance the case that replay is
best understood as sampling from an internal generative model, and that what differs across
brain states is not the sampling operation itself but what it is for.
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